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ABSTRACT
Examining the persistence of disparities over time is an important obligation in terms of
rectifying, maintaining, and improving community health and social well-being for all. This
study analyzed the individual factors of (a) race/ ethnicity and (b) dual eligibility, as a proxy
measure of socioeconomic status, as well as the environmental factor of (c) place of residence,
and the organizational factor of (d) Rural Health Clinic (RHC) type on emergency room (ER)
utilization of older adult Medicare patients treated by RHCs within the Department of Health and
Human Services’ (DHHS) Region 4. A prospective, multi-level, longitudinal design was
employed to analyze potential health disparities or gaps that may exist among RHC Medicare
beneficiary patients (+65) using longitudinal, mixed multilevel modeling in SPSS. The years of
investigation were 2010 through 2012.

R4 has continually lagged behind other Regions in the Nation in having higher Health Disparities
and ER Utilization rates related to Race, Poverty, and Rural Isolation. A key question is: Do
these disparities persist? This study’s findings support that dual eligible RHC patients utilized
ER services at higher rates than non-dual eligible, Medicare only RHC patients at: 77%, 80%,
and 66%, in 2010, 2011, and 2012, respectively; and above the White reference group, Black
RHC Medicare patients utilized ER services at higher rates of: 18%, 20%, and 34%, in 2010,
2011, and 2012, respectively. These findings support that dual Medicare and Medicaid
eligibility, as a proxy measure of socioeconomic status, and race continue to influence higher
rates of ER utilization in Region 4. In terms of health and utilization disparities, strikingly and
persistently, as recent as 2012, Black, dual eligible RHC Medicare beneficiary patients age 65
iii

and over are twice as likely to utilize ER services for health care than their more advantaged
counterparts.

Health care leaders and policymakers are seeking evidence-based performance measures as tools
for detecting gaps in health care and using those subsequent findings as leverage to implement
policy change for the purpose of increasing health care delivery performance system-wide while
lowering health disparities across various patient populations. Toward that goal, communicating
and disseminating the findings of this study contributes to the body of knowledge and enables
policy leaders to better make decisions based on empirical evidence in order to strengthen the
health care delivery system for older adults in diverse rural contexts. From a health and public
affairs policy perspective, crafting in tandem targeted, top-down, population health and bottomup, community interventions to curb poor health outcomes and high health care utilization would
be in the public interest at-large within this region of the Southeastern United States.
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DEFINITION OF TERMS
Rural Health Clinic: operate in order to improve access to care for patients in rural areas that
are designated as either a health professional shortage area (HPSA) or a medically underserved
area (MUA) (Gale & Coburn, 2003; RAC, 2013; Shi & Singh, 2008)
Health Disparities: “Differences in the incidence, prevalence, mortality, and burden of diseases
and other adverse health conditions that exist among specific population groups in the United
States (NIH, 2002, 7).” Operationally, for the purpose of this study, “health disparities” was
defined as “differentials or gaps associated with the health care utilization of subgroups in the
emergency room (ER) service setting.”
Dual Eligible: Individuals entitled to Medicare Part A and/or Part B and eligible for some form
of Medicaid benefit are often referred to as “dual eligibles.” A patient who meets the
qualification criteria to enroll in both the Medicare and Medicaid programs based on the standard
rule of being at or below a percentage of the poverty level after spend down is applied to the
applicant’s financial asset information (Centers for Medicare and Medicaid Services (CMS),
2013).
Rurality: or rural area variation can be defined as the degree or difference in population density
over a specified geographic range or catchment area. A University of Washington zip code
classification system, Rural-Urban Commuting Area Codes (RUCAs), were used to determine
the degree geographic rurality or area variation. The definitions of Urbanized Areas and Urban
Clusters were developed with great care and are quite complex. In chapter three, this
methodology and measurement is discussed in more detail in terms of defining rurality in the
context of this specific study.
xvi

CHAPTER ONE: INTRODUCTION
Introduction
A number of studies have examined associations between health care utilization and
patient health while taking into account various individual, environmental, and organizational
factors (Anderson et al., 2007; Auster et al., 1969; Brook et al., 1983; Cremieux et al., 1999;
Currie & Gruber, 1996; Cutler et al., 2006; Fisher, 2003; Hadley, 1982; Hanratty, 1996;
Lichtenberg, 2002a & 2002b; Newhouse, 1996; Skinner et al., 2001; Wang, Chen, Hsu, & Wang,
2012; Wennberg et al., 1989). Individual and other contextual factors that influence health care
utilization make its study quite complex; this is also true in the study of its efficacy.
Race, socio-economic status, place of residence, and RHC type are individual,
environmental and organizational factors that may potentially influence gaps or differences in
patient health care utilization (Bulatao & Anderson, 2004; Eberhardt & Pamuk, 2004; Fennell,
Feng, Clark, & Mor, 2010; Hartley, 2004; Orsi, Margellos-Anast, & Whitman, 2010; Robert &
Ruel, 2006; Stratton et al., 1993). Specifically in the rural context, little is known about how
health care utilization in emergency rooms (ERs) may be associated with or influenced by these
individual and contextual factors of race, socio-economic status, place of residence, and RHC
type.

Rural Health Clinics (RHCs) and Underserved Populations in Rural Areas
Rural residence have historically been an underserved segment of patients within the
United States (U.S.) population as a whole, who also have diverse demographic backgrounds
related to race and socio-economic status. To address an inadequate supply of physicians who
1

serve Medicare and Medicaid beneficiaries in rural areas among other patients in rural
populations, the Rural Health Clinic Program was established in 1977. The program was
designed to stabilize the provision of out-patient primary care in underserved areas through the
use of physicians, physician assistants (PAs), nurse practitioners (NPs) and certified nurse
midwives (CNMs) among other clinical professionals (Gale & Coburn, 2003). RHCs operate in
order to improve access to care for patients in rural areas that are designated as either a health
professional shortage area (HPSA) or a medically underserved area (MUA) (Gale & Coburn,
2003; Rural Assistance Center (RAC), 2013; Shi & Singh, 2008).
Over the past three decades other federal initiatives were implemented to specifically
target the health care needs in underserved rural and remote communities. Other than RHCs, the
Office of Rural Health Policy (ORHP) was established in 1987 to promote more optimal health
care in rural America. Federally Qualified Health Centers (FQHCs) were authorized in 1991 and
sought to further extend the safety net of providers to enhance the provision of primary care
services in underserved rural and urban communities as well. Critical Access Hospitals (CAHs)
were authorized in 1999 and allowed participating rural community hospitals to receive costbased Medicare reimbursement (Department of Health and Human Services (DHHS) Centers for
Medicare and Medicaid Services (CMS), 2013; Shi & Singh, 2008).
Rural residents historically have experienced access disparities in health care, which has
also hindered these patients from utilizing care at the early onset of need. According to the rural
disparities literature, compared to their urban counterparts, rural residents generally utilize health
care services less frequently and are less likely to engage in preventative behaviors; therefore,
oftentimes rural patient tend to be sicker when they do finally seek care (Agency for Healthcare
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Research and Quality (AHRQ), 2005; Bennett, Oltatosi, & Probst, 2008). Consequently,
disparities in access and the ability utilize to health care services is identified as one of the top
ten objectives in Rural Healthy People 2020 (Bolin & Bellamy, 2013).

Individual & Contextual Differences related to Health Care Utilization Disparities
Carter-Pokras and Baquet (2002) note that the exact definitions and parameters of
disparities are not always clearly defined. From study to study, researchers vary in the ways in
which they define disparity, or essentially the degree of difference between or among groups.
The term 'disparity' generally refers to an inequality or some kind of difference between groups
(Rural Assistance Center (RAC), 2013). There can be many types of disparities related to
different groups or sub-populations, aspects of health care, health statuses, and health outcomes.
The National Institute of Health defines “health disparities” as “differences in the incidence,
prevalence, mortality, and burden of diseases and other adverse health conditions that exist
among specific population groups in the United States (National Institute of Health (NIH), 2002,
7).” Operationally, for the purpose of this study, “health disparity” (in both singular and plural
forms) were defined as “the gap or difference in health care (more specifically, emergency room
department) utilization between groups.”
In the rural context, researchers and health care professionals must contend with
individual and contextual factors that may continually influence patient health, such as race, low
socioeconomic status, place of residence, and clinic type. Mitigating racial, ethnic, rural, and low
income-related health disparities is a major focus of the national health improvement initiative
Healthy People 2020. These goals have been set, in part, due to older, more vulnerable and

3

underserved Black, Hispanic, rural, and low income patients being at higher risks for poorer
health outcomes (U.S. Department of Health and Human Services (DHHS), 2008 & 2011).
Understanding how clinic type may impact ER utilization is critical on an organizational-level
because integrated, provider-based RHCs may reduce the need for patient ER use (Coddington,
Moore, & Fischer, 1994; Clement, 1992; Conrad & Shortell, 1996; Lin & Wan, 1999; Wan, Ma,
& Lin, 2001).

Health Disparities related to Race and Ethnicity
A significant amount of literature has accumulated over the past two decades that
supports evidence of these persistent, if not widening, health care disparities among racial and
ethnic groups in the United States (Smedley, Stith & Nelson, 2003). Studies support that Black
older adults typically have worse health than do White older adults (Bulatao & Anderson, 2004;
Robert & Ruel, 2006). Studies that compare racial differences in health care utilization among
non-White minorities abound, many compare racial differences in utilization between Blacks and
Whites (Currie & Thomas, 1995; Gilbert et al., 2002; Johnson-Lans & Bellemore, 1997; LaVeist
et al., 2002; Zheng & Zimmer, 2009). The results have varied somewhat depending on the
operational definition and measurement of health care utilization, as well as the patient groups
investigated; however, the consensus of these studies support that Blacks utilize fewer health
care services than Whites, with the exception being ER department utilization. However, this
care setting is costly and connotes a lack of preventative primary care access (Gaskin et al.,
2007).
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The findings of these studies suggest that non-White minorities face disadvantages in
utilizing health care. This issue is particularly problematic when racial and ethnic disparities in
health care utilization potentially have contributing negative effects on the overall health of
minorities in the United States. Lichtenberg (2002a) supports that an increase in the ability to
utilize or access health care, generally, tends to improve overall health outcomes. Therefore, it is
critical to identify disparities in the utilization of health care among vulnerable and underserved
patients.
For example, in the case of hypertension, Black-White disparities in health statuses have
existed and been well-documented for several decades (Lennard & Glock 1957; Heymsfield,
Kraus, Lee, McDill, Stamler & Watson 1977; Mensah, Mokdad, Ford, Greenlund & Croft 2005;
Hicken, Gee, Morenoff, Connell, Snow & Hu 2012). In terms of disparities in the quality of
health care utilization in the United States, Jha, Orav, and Epstein (2011) found that low-quality,
high-cost hospitals, mainly in the South, care for markedly higher shares of elderly Black
patients.
Health disparities also adversely affect older Hispanic adults. Fennell, Feng, Clark, and
Mor (2010) report that elderly Hispanics are more likely to reside in poorer quality nursing
homes. Jha, Orav, and Epstein (2011) found that low-quality, high-cost hospitals mainly in the
Southern United States care for markedly higher shares of elderly Hispanic patients. Moreover,
the paucity of research particularly on Hispanic health disparities is troubling and calls for
further investigation.

5

Health Disparities related to Rural Residence
Health disparities are most often associated with race and ethnicity; however, health
disparities also persist in rural areas. Rural residents fare worse in many dimensions of health
compared to people living in urban and suburban areas (Ricketts, 1999; Eberhardt, Ingram,
Makuc et al., 2001; Eberhardt & Pamuk, 2004). Research within the rural health literature
supports that place of residence can have a significant impact on health (Eberhardt & Pamuk,
2004; Hartley, 2004). Rural residents, especially those with lower income, utilize health care
services less frequently throughout their lives (Stratton et al., 1993). Specific issues related to
diabetes, mental health, oral health, and tobacco use are among other serious health concerns for
rural patients (Hartley, 2004).

Health Disparities related to Low Income Patients
People receiving both Medicare and Medicaid benefits (known as dual eligible
beneficiaries) have been and continue to be the subject of extensive policy interest because of
their poor health, complex care needs, and high costs (Riley et al., 2014). Moreover, dual
eligibles are also an indicator of those living at or below the federal poverty level (Reichard &
Fox 2013). Individuals entitled to Medicare Part A and/or Part B and eligible for some form of
Medicaid benefit are often referred to as “dual eligibles.” A patient who meets the qualification
criteria to enroll in both the Medicare and Medicaid programs based on the standard rule of being
at or below a percentage of the poverty level after spend down is applied to the applicant’s
financial asset information (Centers for Medicare and Medicaid Services (CMS), 2013). These
beneficiaries can be characterized as having a low socioeconomic status and may face disparities
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in health due to poverty and chronic life stress. Dual eligibility can indicate, as a proxy measure,
low socioeconomic status (SES).

Older Adults
People age 65 and over are an increasing segment of United States population. Aging
baby boomers (those born between 1946 and 1964) will accelerate this growth. This larger
population of older Americans will be more racially diverse than previous generations (Federal
Interagency Forum on Aging-Related Statistics, 2004 & 2010). As the demographics of aging
continue to change, long-standing health disparities documented in the literature of older Black,
Hispanic, rural, and low-income adults should also continuously be studied and monitored for
changes in health disparities. With a growing population of older, racially more diverse adults,
the health care of people age 65 and over is an area of research which increasingly demands
rigorous investigation in terms of health disparities that may exist among varying subpopulations in the United States.

DHHS CMS Region 4: The Southeastern U.S.
Health disparities related to race, place of residence, and low socioeconomic status persist
in the United States. One region of the country where disparities and inequities in older adults
remain high is the Southeastern U.S. Compared to the entire population of the United States,
Department of Health and Human Services (DHHS) Region 4, which comprises the states of
Alabama, Florida, Georgia, Kentucky, Mississippi, North Carolina, South Carolina, and
Tennessee, has a higher percentage of persons in poverty. More than half (63%) of the states in
Region 4 have higher percentages of persons aged 65 and over, with Florida having the nation’s
7

highest percentage of older adults. Seven of the regions states have a higher percentage of rural
populations, and all but Kentucky have a higher percentage of African-Americans (U.S. Census
Bureau, 2010).

Study Significance and Impact
Research Gaps
This research addresses several key gaps in the current rural and minority health
literature. First, few regional studies have investigated older adult, Medicare, RHC patient health
care service utilization in terms of emergency room (ER) department utilization. Rural health
research on hospital admission and readmission gaps have been explored by Wan and Ortiz
(2011-2016). This specific study provides research knowledge on the associations among
individual patient and contextual variables, such as race, place of residence, and socio-economic
status, clinic type, and ER utilization in the rural context of the southeastern United States. This
study is important because Medicare patients in the Southeastern U.S. (DHHS Region 4) are
racially diverse, more rural, typically sicker, and have lower-income SES (socio-economic
status) when compared to other areas of the United States (Hartley, 2004; Federal Interagency
Forum on Aging-Related Statistics, 2004 & 2010; Eberhardt, Ingram, Makuc et al., 2001).
Second, health disparities in the rural context have received scant and periodically
sporadic attention in the literature over the past 30 years. Paltry and infrequent study of health
disparities in rural areas has left the historical literature in a state of anemia. The findings are
spotty and riddled with holes regarding the consistency of change in the overall landscape of
health disparities over time that may possibly afflict rural, minority, and low-income residents.
8

Ongoing detection and monitoring of changes in health disparities related to rural, underserved,
and vulnerable groups of patients are critical as social health disparities do fluctuate over time.
This study captured the unique opportunity to shed light on health disparities over time by
analyzing available data from 2010 through 2012, using a longitudinal, multilevel design. This
study adds to the current body of knowledge in the field by examining and detecting possible ER
health care utilization disparities which are associated with race, ethnicity, socio-economic
status, rural area variation, and RHC type.

Aims and Contributions
By understanding and identifying health disparities related to the utilization of ER care,
the opportunity exists to decrease health disparities in future research and practice through
specified, targeted studies and interventions of underserved and vulnerable patients. This study
analyzes individual and contextual factors that may be associated with ER health care utilization
of Region 4 Medicare RHC patients age 65 and over. This study makes several contributions in
the fields of rural health and disparities research. First, this study contributes by examining ER
health care service utilization on a regional level, in Region 4, with patients who tend to be more
diverse and rural, often sicker, and typically have lower incomes than those living in other
regions of the United States. Second, this study captures the opportunity to shed light on health
disparities over time by analyzing data from 2010 through 2012, using a longitudinal study
design. As a key intent and thrust of this study is to assess changes and trends in health
disparities related to ER health care utilization over time.
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This study adds to the research knowledge on health disparities related to older Black,
and low income RHC patients in terms of ER department utilization. Identifying racial, ethnic,
and low income-related health disparities supports the need for further research, targeted studies,
and interventions for vulnerable and underserved populations. This study also analyzed the
environmental factor of beneficiary place of residence and the organizational factor of clinic type
on ER utilization. Moreover, most prior studies have not investigated interaction effects of
individual, environmental and organizational factors. Past studies have focused mainly on a
single level of analysis and been retrospective in design. This study contributes and expands the
research convention by investigating the interaction effects of both individual and contextual
level factors by employing two-level mixed multilevel modeling that uses a prospective study
design.

Research Questions
Individual-Level
1) Is variation in ER utilization associated with race?
2) Is variation in ER utilization associated with dual eligibility?

Contextual-Level
3) Is variation in ER utilization associated with the area of rurality?
4) Is variation in ER utilization associated with clinic type, either provider-based or independent?

10

Theoretical Framework In-Brief
Health Inequity (or Disparity) Theory
Using a health inequity or disparity theoretical framework as a guide, this study analyzed
racial, rural, and socio-economic influences on patient ER department utilization. Health inequity
theory (HIT), as discussed by Braveman (2006), refers to differences in the quality of health and
healthcare across different populations or subgroups. While most theorists use the
conceptualization of equal utilization as the standard for assessing racial and ethnic differences
in health care, this conceptualization presumes that “there is equal need, preferences, and benefit
across racial and ethnic groups and that patients have access to high-quality, necessary care
(Rathore & Krumholz, 2004; Balsa & McGuire, 2001; Meltzer et al., 2005, 3).”
Chang (2002) further parses “equality as an empirical concept that can be measured;”
whereas, “equity in health as a normative concept that primarily pertains to placing a value
judgment on whether health status is equal or unequal among individuals and groups (Meltzer et
al., 2005, 3).” Chang further explains that variants in health status will always exist among
individuals given inherent differences in biology and environmental factors; however, efforts
should focus on the aim of providing and improving the ability of all individuals to attain their
“optimal” health within the bounds of their potential (Meltzer et al., 2005). These
conceptualizations of health inequity, synonymous with disparity, are further discussed and
explained in chapters two and three; as well as how these conceptualizations guide and support
this study.

11

Integrated Network Theory
In terms of health care integration and coordination, research question 4 is guided by
Integrated Network Theory (INT) which asserts more coordinated health service organizations,
such as Integrated Healthcare Networks (IHNs) may improve the performance and overall
outcomes of those organizations. Integrated, provider-based RHCs, which are coordinated with
hospitals and other types of service settings, may reduce patient ER use (Coddington, Moore, &
Fischer, 1994; Clement, 1992; Conrad & Shortell, 1996; Lin & Wan, 1999; Wan, Ma, & Lin,
2001).

Research Hypotheses
Based on the theory and literature, there are racial, rural, and socio-economic status
health disparities that may potentially relate to ER department health care utilization. The
literature supports that in terms of ER visits there may be variations in health care utilization
among Black, rural, and poorer patients as compared to White, more urban, and less indigent or
impoverished patients, respectively by race, place of residence, and socioeconomic status. Social
disadvantage theories would support that minority Black, rural and poor patients may have
varying utilization of ER health care services (Braveman, 2003). Moreover, integrated network
theory supports that provider-based RHCs, which are coordinated with hospitals and other types
of service settings, may reduce patient ER use (Coddington, Moore, & Fischer, 1994; Clement,
1992; Conrad & Shortell, 1996; Lin & Wan, 1999; Wan, Ma, & Lin, 2001).
Studies, such as Carlisle et al. (1995), Giacomini (1996), and Velebil et al. (1995), have
consistently found that Blacks and Hispanics utilize fewer hospital services via inpatient
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admission and readmission than Whites. However, Gaskin et al. (2007) found that Blacks and
Hispanics are more likely to visit emergency rooms (ERs) than Whites. These prior research
studies support that Blacks and Hispanics are more likely to visit ERs and utilize emergency
medical services.
Laditka, Laditka, and Probst (2009) found that increased levels of rurality may be
positively associated with preventable hospitalizations or ambulatory care-sensitive conditions in
the United States. Lishner et al. (2000) found that among Medicare beneﬁciaries age 65 or older
in the United States, those in remote rural areas are less likely to visit emergency rooms (ERs)
than those in increasingly populated areas. These prior research studies tend to support that
increasingly rural residents are less likely to visit ERs and utilize emergency medical services.
Moon and Shin (2006) found that dual Medicare and Medicaid insurance eligibility is
positively correlated with the utilization likelihood of hospital admission, readmission, and
skilled nursing facility (SNF) placement. However, thus far in the literature, the association
between dual Medicare and Medicaid insurance eligibility and ER utilization is unclear. Based
upon the theoretical literature of Yip et al. (2007), dual eligibles may utilize more emergency
room (ER) services than non-dual eligibles, perhaps due to chronic stress and poorer health
status. This prior research tends to support that dual eligibles are more likely to visit ERs and
utilize emergency medical services.

Individual-Level Hypotheses
H1: Black Medicare RHC patients age 65 and over are more likely to utilize ER services
compared to their White counterparts.
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H2: Medicare RHC patients age 65 and over with dual eligibility are more likely to utilize ER
services compared to non-dual eligible patients.

Contextual-Level Hypotheses
H3: Medicare RHC patients age 65 and over residing in areas with higher levels of rurality are
less likely to utilize ER services compared to their counterparts residing in areas with lower
levels of rurality.
H4: Provider-based clinics are more likely to have lower levels of ER utilization than
independent clinics, irrespective of other predictor variables.
Given that there may be a potential attributable interaction between the two-level
variables. This study examines the interaction effects of both individual and contextual level
factors by employing two-level mixed multilevel modeling that uses a prospective study design.

Methodology and Study Design In-Brief
This study’s prospective design begins with RHC Medicare patients who did not use ER
services in the previous year prior to the start of the 3-year observation period, 2010 through
2012. RHC Medicare patients who previously had ER visits in 2009 were removed from the
study sample. A prospective, 2-level, longitudinal, design was employed to analyze potential
health disparities which may exist among Black, Dual Eligible, and rural RHC Medicare (65+)
beneficiaries and the organizational-level factor of clinic type, using longitudinal cohort data and
employing mixed multilevel modeling. The years under investigation in this proposed study are
from 2010 through 2012. This cohort study analyzed RHC Medicare beneficiary patient
disparities in ER visits and service utilization associated with various individual and contextual
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factors over time using mixed multilevel modeling in SPSS. RHC Beneficiary or patient was the
primary, level-1 unit of analysis (UOA) and the RHC clinic was the secondary, level-2 unit of
analysis. This study controlled for interaction effects associated with race, SES, gender,
comorbidities and age, among others, by factoring applicable random and fixed confounding
covariate effects in the mixed models.

Organization of the Next Chapters
The second chapter provides a review of the standing literature and research on the subjects of
health disparities, and other components of this study. The third chapter explains the guiding
theoretical framework in-depth. The fourth chapter outlines the methodological techniques and
the best approaches to analyze the relevant data investigating the questions of health disparities
which may exist. The fifth chapter presents the findings from the data analyzed as described in
Chapter 4. Finally, the sixth chapter discusses the results of the fifth chapter and relates back to
the reviewed literature in the second chapter, and summarily concludes with a discussion of
major study findings and their implications.
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CHAPTER TWO: LITERATURE REVIEW
Introduction
The proportion of minority and older adults in the United States is growing; as a result,
the older adult population is becoming more racially diverse (Ford & Hatchett, 2001; Sinclair et
al., 2002; Federal Interagency Forum on Aging-Related Statistics, 2004 & 2010; Ramirez, Ford,
Stewart & Teresi, 2005). A growing body of evidence chronicles pervasive racial health
disparities in care in the United States (Casalino et al., 2007; Chien, Chin, Davis, & Casalino,
2007; Konetzka & Werner, 2009; Mor, Zinn, Angelelli, Teno, & Miller, 2004).
Adler and Stewart (2010) note that there has been an exponential increase of empirical
research on health disparities over the past twenty years, which has led to an increase in concerns
regarding the effects of these disparities. Bleich, Jarlenski, Bell and LaVeist (2012) further
support that multiple-decade health disparities that have been well documented are currently
becoming policy targets in developed countries, such as the United States. Since 2003, the
Agency for Healthcare Research and Quality (AHRQ) (2012a & 2012b) has reported on the
progress and opportunities for improving health care quality and reducing health care disparities
in the annual National Healthcare Quality and Disparities Reports. These reports site on an
ongoing basis that improving health care plays a critical role in reducing health disparities for
underserved and vulnerable patients.

The Need for Evidenced-Based Measures of Health Inequities and Disparities
Contextually and conceptually, the presence of increased health care utilization implies
that there may be poorer and more disparate health care outcomes among vulnerable or
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underserved patient groups. Kilbourne et al. (2006) argue that defining health disparities in care
may be an essential step in building a framework for researchers who are interested in the
detection of disparities, because health care leaders and policymakers are increasingly seeking
evidence-based performance measures as tools for detecting gaps in health care and using the
subsequent findings of those measures as leverage for the purpose of implementing policy
change to increase health care delivery performance, system-wide. The authors cite Lurie (2002),
historically as an example.
Kilbourne et al. (2006) further assert that health disparity studies that focus on the
detection of potential gaps in health care are powerful catalysts, or inducements, due to the fact
that the concept of health disparities is highly and broadly well-received by health care
professionals and leaders alike. Because of the welcomed reception by these key health care
stakeholders and those at the helm of governance apparatuses, some scholars have endorsed the
development of more optimal measures designed to specifically monitor disparities in health care
among vulnerable and underserved patients (Braveman, Egerter, Cubbin & Marchi, 2004).
Attention to development of more optimal study designs and measurements of disparities in
health care should be no exception in successive research endeavors.

A Brief History of Recent Health Inequity and Disparity Research
An early examination of disparities related to health was commissioned in the United
Kingdom. The Black report (et al., 1980) was published by the Department of Health and Social
Security (now the Department of Health), which was a report by an expert committee on health
inequality, chaired by Douglas Black, from whom it was named. The report supported that
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although overall health had improved since the introduction of the National Health Service in
1948, widespread health inequalities still remained. The Black report found that the main cause
of health inequality was economic inequality. The report showed that the death rate for men in
social class V (unskilled workers) was twice that of men in social class I (professional workers),
and that gap between the two groups were increasing, not decreasing as was expected over time.
In an article published by Adler and Ostrove (1999), the evolution of the theoretical
framework utilized in the study of health disparities is chronicled. They wrote that before the
mid-1980’s, socio-economic status (SES) was typically absent in studies related to health, except
as a controlled variable. Studies mainly focused on poverty and its influence on health. The
poverty model utilized was based on the effect of a particular threshold: the health of people
below the poverty level was believed to increase as income increased and reached the poverty
threshold; but above the poverty threshold, the level of health held constant as income increased.
However, Pathways to Health (Bunker et al., 1989) supported in multiple papers by researchers
that the health effects of SES were not only due to the adversities of extreme poverty, but also
continued at higher levels of SES.
Adler and Ostrove (1999) note that from 1995 studies have sought to examine the
pathways by which SES influences health through examining social, psychological, behavioral,
and biological mechanisms as well as environmental factors. The interplay among these factors
can be complex and difficult to parse. Additionally, social scientists, such as Krieger, Williams,
and Moss (1997), have asserted that studies should address how class-related experiences of race
and ethnicity as well as gender discrimination may impact health. Moreover, in the rural context,
influencing factors in the health disparities literature include place of residence and access to
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primary care providers as other determinants of health (Eberhardt, Ingram, Makuc et al., 2001;
Eberhardt & Pamuk, 2004; Hartley, 2004).

Theoretical Literature on Health Inequity and Disparity
The following sections discuss the differences between equality and equity, the concept
of continually monitoring health disparities, and why health disparities research is vital for social
well-being. According to Braveman et al. (2006 & 2011), the concepts of health disparities and
health equity are deeply rooted as social values in the United States; as well as being globally
recognized as ethical principles in terms of human rights.

Differentiating Inequality and Inequity
While most theorists use the conceptualization of equal utilization as the standard for
assessing racial and ethnic differences in health care, this conceptualization presumes that “there
is equal need, preferences, and benefit across racial and ethnic groups and that patients have
access to high-quality, necessary care (Rathore & Krumholz, 2004; Balsa & McGuire, 2001;
Meltzer et al., 2005, 3).” Chang (2002) further parses “equality as an empirical concept that can
be measured;” whereas, “equity in health as a normative concept that primarily pertains to
placing a value judgment on whether health status is equal or unequal among individuals and
groups (Meltzer et al., 2005, 3).” Chang further explains that variants in health status will always
exist among individuals given inherent differences in biology and environmental factors;
however, efforts should focus on the aim of providing and improving the ability of all individuals
to attain their “optimal” health within the bounds of their potential (Meltzer et al., 2005).
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As noted by Braveman and Gruskin (2003), all people should have an equal opportunity
to be healthy. “Inequality is associated with the condition of being unequal” while “inequity is
defined as unfairness, or injustice (American Heritage Dictionary of the English Language,
2000).” Inequity has both a moral and ethical component alluding to differences that are
unnecessary and avoidable, originally proposed by Whitehead (1992). More directly, according
to Whitehead (1992), inequities or disparities in health are comprised of the conditions of being
unfair, unjust, and avoidable. However, in constrast, equality can be evaluated by measuring
outcomes; whereas, determining whether or not there is inequity or disparity is more open to
interpretation (Braveman and Gruskin, 2003). Braveman (2006, 168) points out that “how one
defines ‘health disparities’ or ‘health inequities’ can have important policy implications with
practical consequences. It can determine not only which measurements are monitored by
national, state/provincial, and local governments and international agencies, but also which
activities will receive support from resources allocated to address health disparities/inequalities
and health equity.”

Defining and Measuring Health Inequity and Disparity
Braveman et al. (2011, S151) states that “health disparities and health equity cannot be
defined without defining social disadvantage.” The authors go on to define the conceptualization
of social disadvantage:
Social disadvantage refers to the unfavorable social, economic, or political conditions that some
groups of people systematically experience based on their relative position in social hierarchies. It
means restricted ability to participate fully in society and enjoy the benefits of progress. Social
disadvantage is reflected, for example, by low levels of wealth, income, education, or
occupational rank, or by less representation at high levels of political office. Criteria for social
disadvantage can be absolute (e.g., the federal poverty threshold in the United States is based on
an estimate of the income needed to obtain a defined set of basic necessities for a family of a
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given size) or relative (e.g., poverty levels in a number of European countries are defined in
relation to the median income, e.g., less than 50% of the median income) (Braveman, 2011, pp.
S151).

The term “disparity” generally refers to an inequality or some kind of difference between
groups (Rural Assistance Center (RAC), 2013). From study to study, health researchers differ in
the ways they define health disparities. Therefore, it is important to clearly define the measures
of health disparities contextually. The National Institute of Health defines “health disparities” as
“differences in the incidence, prevalence, mortality, and burden of diseases and other adverse
health conditions that exist among specific population groups in the United States (National
Institute of Health (NIH), 2002, 7).” As it stands, disparity measures found in the health
disparities literature are not always clearly defined across studies. Going forward, it will be
critical to define disparity measures in terms of access, utilization, and care quality specifically in
every study with enough detail so as to be able to replicate a given study’s design to validate its
soundness via further trials. Operationally, for the purpose of this study, “health disparities” were
defined as “differentials or gaps associated with the health care utilization of subgroups in the
emergency room (ER) service setting.”
LeˆCook, McGuire and Zaslavsky (2012, 1232) state that “the term ‘disparity,’ when
referring to the quality and access to health care among population groups, connotes not only a
difference but also inequality and unfairness.” The authors set forth that applying the term
‘disparity’ to differences in health care between Whites and other racial, minority, or
underserved groups is, by its nature, controversial; and therefore, the conceptualization of the
term ‘disparity’ requires explicit choices about which types of differences are justifiable and

21

which are not. They posit that “the definition of disparity elected should determine the analytical
methods that are used to measure disparities (2012, 1232).”
Moreover, Braveman (2006) notes that there is little consensus about the meaning of the
terms “health disparities,” “health inequalities,” or “health equity.” She then goes on to clarify
the concepts of health disparities versus inequalities and expands on the concept of health equity.
The implications of those different definitions in terms of measurement and accountability are
that researchers must work toward a clearer and consistent standard of definitions and measures
in future research. Braveman et al. (2010) examined indicator rates across multiple income or
education categories, overall and within racial/ethnic groups. The authors found that those with
the lowest income and who were least educated were consistently least healthy, but for most
indicators; and that gradient patterns were seen often among non-Hispanic Blacks and Whites
but less consistently among Hispanics.
The effects of income and education may play a role in many disparities related to health;
therefore, these potentially influential factors are worth noting when investigating health
disparities. Although, Braveman et al. (2011) points out that health disparities may be
systematic, but do not necessarily have causal links with social disadvantage. Health disparities
can compound or reinforce social disadvantage and the authors go on to say that “whether or not
a causal link exists, health disparities adversely affect groups who are already disadvantaged
socially, putting them at further disadvantage with respect to their health, thereby making it
potentially more difficult to overcome social disadvantage (Braveman et al., 2011, S151).” The
authors ultimately support the need to reduce disparities in these types of health determinants.
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Koh et al. (2010) reviewed the scope, definitions, and framing of health disparities and
examined local, national, and global programs, which were set out to address specific health
disparities. They found that health disparities which are prevalent require comprehensive
approaches in research, policy and practice in order to decrease their effects on vulnerable
patients. Warnecke et al. (2008) note that researchers should utilize trans-disciplinary approaches
that combine population, clinical, and basic science to uncover the complex determinants of
health disparities. The authors further assert that public health policies and resources dedicated to
optimizing service delivery must be a primary focus of any attempts to ameliorate disparities in
health. Adler and Stewart (2010) note that emerging conceptual frameworks coupled with more
sophisticated methodological techniques are now allowing for increasingly detailed and more
nuanced explorations into the realities of health disparities.
Table 2.1 lists literature related to health disparities; after the table, the articles are
discussed more in-depth in this chapter:
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Table 1: Literature Review on Health Disparities

Author(s)

Pub
Date

Article Title

Journal

Notes

Keppel, Pamuk,
Lynch, CarterPokras, Kim,
Mays, Pearcy,
Schoenbach &
Weissman
LeˆCook,
McGuire &
Zaslavsky

2005

Methodological Issues
in Measuring Health
Disparities

Vital Health
Statistics 2

Well-written primary source,
cited by 117 others presented
further in the methodology
chapter.

2012

Health
Services
Research

Recent Source on Methods of
HD Measures

Bleich, Jarlenski,
Bell & LaVeist

2012

Measuring
Racial/Ethnic
Disparities in Health
Care: Methods and
Practical
Issues
Health Inequalities:
Trends, Progress, and
Policy

Annual
Review of
Public Health

Recent Source on U.S. Diabetic
Trends

Braveman,
Kumanyika,
Fielding, LaVeist,
Borrell,
Manderscheid &
Troutman
Agency for
Healthcare
Research and
Quality

2011

Health Disparities and
Health Equity: The
Issue Is Justice

American
Journal of
Public Health

Defines Health Disparities &
Health Equity

2012

National Healthcare
Disparities Report;

AHRQ
Government
Report

Adler & Stewart

2010

Each year since 2003, the
Agency for Healthcare Research
and Quality (AHRQ) has
reported on progress and
opportunities for improving
health care quality and reducing
health care disparities.
Recent Source on Methods,
historical in nature

National Healthcare
Quality Report

Health disparities across
the lifespan: Meaning,
methods, and
mechanisms
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Annals of the
New York
Academy of
Sciences

Author(s)

Pub
Date

Article Title

Journal

Notes

Braveman,
Cubbin, Egerter,
Williams &
Pamuk

2010

Socioeconomic
Disparities in Health in
the United States: What
the Patterns Tell Us

American
Journal of
Public Health

Examined indicator rates across
multiple income or education
categories, overall and within
racial/ethnic groups.

Koh,
Oppenheimer,
Massin-Short,
Emmons, Geller
& Viswanath

2010

Translating Research
Evidence Into Practice
to Reduce Health
Disparities: A Social
Determinants Approach

American
Journal of
Public Health

Reviews the scope, definitions,
and framing of health disparities
and explore local, national, and
global programs that address
specific health disparities.

Orsi, MargellosAnast & Whitman

2010

Black–White Health
Disparities in the United
States and Chicago:
A 15-Year Progress
Analysis

American
Journal of
Public Health

Warnecke, Oh,
Breen, Gehlert,
Paskett, Tucker,
Lurie, Rebbeck,
Goodwin, Flack,
Srinivasan,
Kerner, HeurtinRoberts, Abeles,
Tyson, Patmios &
Hiatt

2008

Approaching Health
Disparities From a
Population
Perspective: The
National Institutes of
Health Centers
for Population Health
and Health Disparities

American
Journal of
Public Health

Examined 15 health status
indicators. We determined
whether a disparity widened,
narrowed, or remained
unchanged between 1990 and
2005 by examining the
percentage difference in rates
between non-Hispanic Black and
non-Hispanic White populations
at both time points and at each
location. We calculated P values
to determine whether changes in
percentage difference over time
were statistically significant.
Research approach combines
population, clinical, and basic
science to elucidate the complex
determinants of health
disparities.
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Author(s)

Pub
Date

Adler & Rehkopf

Article Title

Journal

Notes

2008

U.S. Disparities in
Health:
Descriptions, Causes,
and Mechanisms

Annual
Review of
Public Health

Examines current definitions and
empirical research on health
disparities, particularly
disparities associated with
race/ethnicity and socioeconomic
status, and discuss data structures
and analytic strategies that allow
causal inference about the health
impacts of these and associated
factors.

Keppel

2007

Ten Largest Racial and
Ethnic Health
Disparities in the United
States based on Healthy
People 2010 Objectives

American
A consistent framework has been
Journal of
developed for measuring health
Epidemiology disparities and making
comparisons across indicators
with regard to the public health
goals of Healthy People 2010.
Disparities are measured as the
percent difference from the best
group rate, with all indicators
being expressed in terms of
adverse events. The 10 largest
health disparities for each of five
US racial and ethnic groups are
identified.

Robert & Ruel

2006

Racial Segregation and
Health Disparities
Between Black and
White Older Adults

Journal of
Gerontology:
Social
Sciences
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Used multilevel data at the
individual, neighborhood (tract),
and county levels, from two
national surveys—the
Americans’ Changing Lives
(ACL) survey and the National
Survey of Families and
Households (NSFH).
Used hierarchical linear models
in order to regress self-rated
health on county-, neighborhood, and individual-level racial and
socioeconomic variables.

Author(s)

Pub
Date

Braveman

Braveman

Article Title

Journal

Notes

2006

HEALTH
DISPARITIES AND
HEALTH EQUITY:
Concepts and
Measurement

Annual.
Review of
Public Health

2003

Monitoring Equity in
Health and Healthcare:
A Conceptual
Framework

Journal of
Health,
Population &
Nutrition

There is little consensus about
the meaning of the terms “health
disparities,” “health
inequalities,” or “health equity.”
This paper aims to clarify the
concepts of health
disparities/inequalities (used
interchangeably here) and health
equity, focusing on the
implications of different
definitions for measurement and
hence for accountability.
A framework is presented for
formulating the key questions,
defining the social groups to be
compared, and selecting the
health indicators and measures of
disparity that are fundamental to
monitoring health equity.

Health Disparities among Underserved & Vulnerable Patients
Keppel (2007) asserts that a consistent framework has been developed for measuring
health disparities and making comparisons across these indicators based on the aims of Healthy
People 2010. Mitigating persistent racial and rural health disparities is a major aim of the
national health improvement initiative Healthy People 2020 (U.S. Department of Health and
Human Services, 2008). These goals have been set, in part, due to Black, Hispanic, rural, and
low income patients being at increased risk of inequitable care utilization that may contribute to
poorer health outcomes.
People age 65 and over are an increasing segment of United States population. Aging
baby boomers (those born between 1946 and 1964) will accelerate this growth. This larger
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population of older Americans will be more racially diverse than previous generations (Federal
Interagency Forum on Aging-Related Statistics, 2004 & 2010). As the demographics of aging
continue to change, long-standing health disparities documented in the literature on older Black,
Hispanic, rural, and low income populations should be continuously studied and monitored for
changes in those health disparity conditions as well. With a growing population of older, racially
more diverse adults, health care in 65+ populations in the United States is an area of research
which increasingly demands rigorous investigation in terms of health disparities that may exist
among various patient groups.
Adler and Rehkopf (2008) found that although health is persistently worse for individuals
with fewer resources, and also for Blacks as compared with Whites; the extent to which health
disparities vary by outcome, time, and geographic location within the United States are also
concerning. In the following sections Black, Hispanic, and rural patients were discussed in terms
of being underserved and potentially vulnerable to issues related to poorer health outcomes and
increased ER service utilization.

Differentiating Race and Ethnicity
Health disparities may exist in racial and ethnic social demographic contexts. Racial
health disparities can be constructed in terms of phenotypic biology and social factors, such as
racial groupings of Black and White patients (Gara et al., 2012). Whereas, ethnic health
disparities can be constructed in terms of historical language or culturally delineated factors,
such as ethnically-related groupings of Hispanic or Latino and non-Hispanic or non-Latino
patients (Gara et al., 2012). Essentially, race is a social construction where by a phenotypic
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biological factor drives one’s self-identified affiliation to a bio-social group; whereas, ethnicity is
a social construction where by a historical language or cultural factor drives one’s self-identified
affiliation to a socio-cultural group (LaVeist & Isaac, 2012).

Health Disparities among Blacks (or African Americans)
Black older adults generally have worse health than do White older adults (Bulatao &
Anderson, 2004; Robert & Ruel, 2006). Jha, Orav, and Epstein (2011) found that low-quality,
high-cost hospitals mainly in the Southern U.S. care for markedly higher shares of elderly Black
patients. In the exemplar case of hypertension, Black-White disparities have existed and been
well-documented for several decades (Lennard & Glock 1957; Heymsfield, Kraus, Lee, McDill,
Stamler & Watson 1977; Mensah, Mokdad, Ford, Greenlund & Croft 2005; Hicken, Gee,
Morenoff, Connell, Snow & Hu 2012). Moreover, Nguyen-Oghalai et al. (2009) found that
Blacks are more likely to be discharged directly from hospital to home, rather than to a skilled
nursing facility (SNF) for rehabilitation after hip fracture.
Orsi, Margellos-Anast, and Whitman (2010) studied 15 health status indicators to
determine whether a Black-White health disparity increased, decreased, or remained unchanged
between 1990 and 2005. By examining the percent difference in the rates between non-Hispanic
Black and non-Hispanic White populations at both by time and location site, they found that
changes in percent difference over time were statistically significant. Disparities between Black
and White populations significantly widened for 5 out of 15 health status indicators examined in
the United States as a whole. The statistically significant health status indicators in which Blacks
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fared worse were heart disease mortality, female breast cancer mortality, diabetes mortality,
suicide mortality, and tuberculosis case rates.
Robert and Ruel (2006) used multilevel modeling at the individual, neighborhood (tract),
and county levels, from two national surveys—the Americans’ Changing Lives (ACL) survey
and the National Survey of Families and Households (NSFH). They also used the hierarchical
linear models to analyze self-reported health at the county-, neighborhood-, and individual-levels
for racial and socioeconomic variables. They found evidence of associations between health and
SES at multiple levels. This study confirms previous research results of: Balfour & Kaplan,
2002; Cagney et al., 2005; Krause, 1996; Robert & Lee, 2002; Robert & Li, 2001; Subramanian
et al., 2005; Wen et al., 2005. Moreover, the authors support that SES at multiple levels
contribute to racial disparities in health among Black and White older adults, a finding that adds
to the scant literature on the topic (Cagney et al., 2005; Robert & Li, 2001). Moreover, Robert &
Ruel (2006) noted greater racial health disparities among older rural respondents than among
urban and suburban respondents in their preliminary analyses. The authors assert that a broader
understanding of racial health disparities among older adults warrant investigating larger or
wider disparities that may exist within rural areas rather than merely focusing only on racial
disparities within urban and suburban contexts in future research.

Health Disparities among Hispanics (or Latinos)
Health disparities also adversely affect older Hispanic adults. Jha, Orav, and Epstein
(2011) found that low-quality, high-cost hospitals mainly in the Southern U.S. care for markedly
higher shares of elderly Hispanic patients. Fennell, Feng, Clark, and Mor (2010) report that
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elderly Hispanics are more likely to reside in poorer quality nursing homes. Nguyen-Oghalai et
al. (2009) found that Hispanics are more likely to be discharged directly from hospital to home,
rather than to a skilled nursing facility (SNF) for rehabilitation after hip fracture. Moreover, in
the Hispanic patient population there may likely be health disparities that have not yet been
detected due to the paucity of research on Hispanic and Latino health disparities in the United
States, especially in the rural context.

Health Disparities among Rural Residents
Health disparities are most often associated with racial populations; however, health
disparities also persist in rural areas. Research within the health literature has determined that
place of residence is a significant determinant of health (Eberhardt & Pamuk, 2004; Hartley,
2004). Rural residents, especially poor ones, seek health care services less frequently throughout
their lives than do urban residents (Stratton et al., 1993). The Rural Healthy People 2010
(Gamm, Hutchinson, Dabney, Dorsey et al., 2003) survey of rural health experts and
practitioners found that access to health services continues to be the overwhelming priority,
which underscores the persistent concerns about access to primary and hospital care that
continue to dominate the field of rural health policy. Moreover, diabetes, mental health, oral
health, and tobacco use are among other serious concerns for rural patients (Hartley 2004).
Poor economic conditions are often reflected in diminished access to health care and poor
health of rural citizens (Cohn et al., 1994). Hartley (2004) reported that rural populations have
been found to be underserved and also have increased health disparities in terms of care. Isolated
geography, low socio-economic status, health-related risk behaviors, and limited job
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opportunities contribute to health disparities in rural communities. According to the Rural
Assistance Center (RAC, 2013, webpage), “twenty percent of the United States population live
in rural areas where higher rates of chronic illness and poor overall health are found in those
communities, when compared to urban populations. Rural residents also tend to be older, poorer,
and have access to fewer physicians and care.”

Health Disparities among Low Income Patients
People receiving both Medicare and Medicaid benefits (known as dual eligible
beneficiaries) have been and continue to be the subject of extensive policy interest because of
their poor health, complex care needs, and high costs (Riley et al., 2014). Moreover, dual
eligibles are also an indicator of those living at or below the federal poverty level (Reichard &
Fox, 2013). Wan (1989) found that some dual eligibles had longer hospital stays. Thus far in the
literature, the association between dual Medicare and Medicaid insurance eligibility and ER
utilization is not well understood. However, based upon the theoretical literature, dual eligibles
may utilize more emergency room (ER) services than non-dual eligibles, perhaps due to chronic
stress and poorer health (Yip et al., 2007). Okada and Wan (1980) found that low-income
persons without access to neighborhood health clinics in four cities were more likely to use ERs.
Therefore, these beneficiaries can be characterized as having a low socioeconomic status and
may face disparities in health due to poverty and chronic life stress. Dual eligibility can indicate,
as a proxy measure, low socioeconomic status (SES).
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Rural Health Care Provider Shortages and RHCs
In terms of staffing, geographic maldistribution has created shortages in terms of health
care professionals in rural areas, which may have a deleterious impact on health care delivery
(HHS (U.S. Department of Health & Human Services) Rural Task Force, 2002). In 2002, an
estimated 20% of the U.S. population live in areas where primary care health professionals are in
short supply (Health Resources and Services Administration (HRSA), 2002). Medical staffing
shortages combined with geographic rurality make the provision of basic, primary care even
more challenging. However, the shortage of health care providers in rural areas include many
health professionals, such as pediatricians, obstetricians, internists, dentists, nurses, and other
allied health professionals (Patton and Puskin, 1990). Rural resident access to basic and essential
care is impacted by poverty, long distances, rural topography, weather conditions, lack of
personal transportation, and health professional staffing shortages in many smaller communities
(Shi & Singh, 2008). The delivery of health care services in rural communities has always raised
the vexing question of how to optimally bring advanced, high-quality, affordable health care to
residents in sparsely populated areas.

Rural Health Clinics and Underserved Populations
Older adult patients of Rural Health Clinics (RHCs) who are Medicare beneficiaries were
included in the analyses of this study. The Rural Health Clinic (RHC) Program was created in
1977 to address an inadequate supply of primary health care providers who serve Medicare and
Medicaid beneficiaries in rural areas. The program was designed to support the provision of outpatient primary care in underserved areas through the use of physicians, physician assistants
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(PAs), nurse practitioners (NPs) and certified nurse midwives (CNMs) among other clinical
professionals (Gale & Coburn, 2003). RHCs operate in order to improve access to care for
patients in rural areas that are designated as either a health professional shortage area (HPSA) or
a medically underserved area (MUA) (Gale & Coburn, 2003; Rural Assistance Center (RAC),
2013; Shi & Singh, 2008).
Over the past three decades other federal initiatives were also implemented to specifically
target the health care needs in underserved rural and remote communities. The Office of Rural
Health Policy (ORHP) was established in 1987 to promote more optimal health care in rural
America. Federally Qualified Health Centers (FQHCs), authorized in 1991, were an effort to
provide a “safety net” of providers to enhance the provision of primary care services in
underserved rural or urban communities. Critical Access Hospitals (CAHs), authorized in 1999,
allowed participating rural community hospitals to receive cost-based Medicare reimbursement
(Department of Health and Human Services (DHHS) Centers for Medicare and Medicaid
Services (CMS), 2013; Shi & Singh, 2008). Rural residents historically have experienced access
disparities in health care. Moreover, compared to urban, rural residents in general seek health
care services less frequently but are sicker when they do so. Consequently, decreasing disparity
in access to health care has been identified as one of the top ten objectives in Rural Healthy
People 2020 (Bolin & Bellamy, 2013).

Independent and Provider-based RHCs
As the name implies, Independent RHCs are “free-standing” clinics which may or may
not be well connected in terms of being integrated within a health care network or hospital
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system. In contrast, Provider-based RHCs, per regulations, must be connected with a hospital or
health care system. This implies that the Provider-based clinics are more integrated within a
health care system and that they possibly have more formal or informal ties with other health
care providers and care settings (42 CFR § 413.65, 2000). Literature has supported that
integrated health care systems may reduce overall care utilization (Coddington, Moore, &
Fischer, 1994; Clement, 1992; Conrad & Shortell, 1996; Lin & Wan, 1999; Wan, Ma, & Lin,
2001).

Continual Monitoring of Health Disparities
A critical component in the conceptualization of health disparities is continuity in terms
of monitoring for their presence. Braveman (2003) presents a framework for defining social
groups to be compared for health disparities, selecting the health indicators, and measuring of
disparities vital to the continual monitoring health equities. The concept of continually
monitoring health disparities in future research will be essential in supplying evidence-based
research to policymakers and practitioners for the potential improvement of health outcomes in
disparate, vulnerable, and underserved patient populations, and for the optimization of standards
and best practices related to poorer health statuses and outcomes of at-risk groups and
subpopulations. An important goal for future research is to be able to build data sources that can
track changes in disparities over time through reasonably valid and increasingly reliable
longitudinal studies.
Studying and monitoring of health disparities is a vital component of social well-being. In
theory, identifying and ameliorating health disparities within social systems advance the
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proposition of the greater good for all who live in a given society—doing the most good for the
most people while protecting those who are least advantaged and most vulnerable in society.
These ideals are grounded in the social justice theories put forth by Bentham (1776), Rawls
(1971 & 2001), and Braveman et al. (2011). Social equity in terms of basic human rights is an
essential component of maintaining the stabilization of socio-political and governmental systems
(Locke, 1689).

Applied Health Disparities Research
The Three Phases of Disparities Research framework guides how to systematically
proceed through researching and reducing health disparities from detecting possible disparities to
working toward setting policies that aim to mitigate their deleterious social effects. The guiding
framework from Kilbourne et al. (2006) set forth the health disparities research agenda process
in three sequential phases. Phase 1 (detecting disparities) informs phase 2 studies (understanding
disparities), which in turn informs phase 3 policy continuation or change (interventions to reduce
or eliminate disparities). This framework originated from epidemiology, which Last (1988, 42)
defined as “the study of the distribution [detection] and determinants [understanding] of healthrelated states or events in defined populations, and the application of this study to the control of
health problems [reduction/elimination].” Kilbourne et al. (2006) also point out that little work in
current disparities research existed on identifying the key methodological issues at the time of
their writing. In Chapter 4, the methodological section, there is section which focuses on special
issues related to measuring health disparities and the emerging thought on the complexities of
their investigation.

36

Study Significance and Impact
Research Gaps in the Literature
To reiterate, this research speaks to several key gaps in the current rural and minority
health literature. First, few regional studies have investigated older adult, Medicare, RHC patient
health care service utilization in terms of emergency room (ER) department utilization. Rural
health research on hospital admission and readmission gaps have been explored by Wan and
Ortiz (2011-2016). This specific study provides research knowledge on the associations among
individual patient and contextual variables, such as race, place of residence, and socio-economic
status, clinic type, and ER utilization in the rural context of the southeastern United States. This
study is important because Medicare patients in the Southeastern U.S. (DHHS Region 4) are
racially diverse, more rural, typically sicker, and have lower-income SES (socio-economic
status) when compared to other areas of the United States (Hartley, 2004; Federal Interagency
Forum on Aging-Related Statistics, 2004 & 2010; Eberhardt, Ingram, Makuc et al., 2001).
Second, health disparities in the rural context have received scant and periodically
sporadic attention in the literature over the past 30 years. Paltry and infrequent study of health
disparities in rural areas has left the historical literature in a state of anemia. The findings are
spotty and riddled with holes regarding the consistency of change in the overall landscape of
health disparities over time that may possibly afflict rural, minority, and low-income residents.
Ongoing detection and monitoring of changes in health disparities related to rural, underserved,
and vulnerable groups of patients are critical as social health disparities do fluctuate over time.
This study captured the unique opportunity to shed light on health disparities over time by
analyzing available data from 2010 through 2012, using a longitudinal, multilevel design. This
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study adds to the current body of knowledge in the field by examining and detecting possible ER
health care utilization disparities which are associated with race, ethnicity, socio-economic
status, rural area variation, and RHC type.

Aims and Contributions
By understanding and identifying health disparities related to the utilization of ER care,
the opportunity exists to decrease health disparities in future research and practice through
specified, targeted studies and interventions of underserved and vulnerable patients. This study
analyzes individual and contextual factors that may be associated with ER health care utilization
of Region 4 Medicare RHC patients age 65 and over. This study makes several contributions in
the fields of rural health and disparities research. First, this study contributes by examining ER
health care service utilization on a regional level, in Region 4 with patients who tend to be more
diverse and rural, often sicker, and typically have lower incomes than those living in other
regions of the United States. Second, this study captures the opportunity to shed light on health
disparities over time by analyzing data from 2010 through 2012, using a longitudinal study
design. As a key intent and thrust of this study is to assess changes and trends in health
disparities related to ER health care utilization over time.
Moreover, people age 65 and over are an increasing segment of United States population.
Aging baby boomers (those born between 1946 and 1964) will accelerate this growth. This larger
population of older Americans will be more racially diverse than previous generations (Federal
Interagency Forum on Aging-Related Statistics, 2004 & 2010). As the demographics of aging
continue to change, long-standing health disparities documented in the literature of older Black,
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Hispanic, rural, and low-income adults should also continuously be studied and monitored for
changes in health disparities. With a growing population of older, racially more diverse adults,
the health care of people age 65 and over is a critical area of research, which increasingly
demands rigorous investigation in terms of health disparities that may exist among varying subgroups in the United States.
This study adds to the research knowledge on health disparities related to older Black,
and low income RHC patients in terms of ER department utilization. Identifying racial, ethnic,
and low income-related health disparities supports the need for further research, targeted studies,
and interventions for vulnerable and underserved populations. This study also analyzed the
environmental factor of beneficiary place of residence and the organizational factor of clinic type
on ER utilization. Most prior studies have not investigated interaction effects of individual,
environmental and organizational factors. Past studies have focused mainly on a single level of
analysis and been retrospective in design. This study contributes and expands the research
convention by investigating the interaction effects of both individual and contextual level factors,
employs 2-level mixed multilevel modeling, and uses a prospective study design.

Summary
This literature review introduced background information on health disparities and
discussed the definition and measurement of health disparities. Literature on Black, Hispanic,
and rural patient health disparities was reported. Evidence of health disparities found in the
literature of underserved and vulnerable populations was presented and discussed as well as
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Integrated Health Networks, and RHC organization types and purposes related to health care
shortages in rural and underserved areas.
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CHAPTER THREE: THEORETICAL FRAMEWORK
Introduction
This chapter presents the theoretical framework and literature that underpins this study of
ER utilization. Health Inequity Theory (HIT) informs the framework of this study by supporting
and grounding the directionality of the first three proposed research questions and hypotheses.
The fourth research question is theoretically informed by Integrated Network Theory (INT) and
the supports its hypothesis directionality. The theoretical framework accounts for individual,
environmental, and organizational level factors that potentially play a role in the utilization of
ER department health care services. This chapter is divided into three main sections. The first
section explains HIT and INT as theoretical foundations for this research. The second section
will describe and present the theoretical framework of this study. The third section discusses the
theoretical bases of the directional hypotheses constructed from the aforementioned theories on
health inequity, or disparities, and integrated networks.

Health Inequity (Disparity) Theory
As introduced and discussed in the last chapter, health inequity theory (HIT), as outlined
by Braveman (2006), refers to differences in the quality of health and healthcare across different
populations or subgroups. While most theorists use the conceptualization of equal utilization as
the standard for assessing racial and ethnic differences in health care, this conceptualization
presumes that “there is equal need, preferences, and benefit across racial and ethnic groups and
that patients have access to high-quality, necessary care (Rathore & Krumholz, 2004; Balsa &
McGuire, 2001; Meltzer et al., 2005, 3).” Chang (2002) further parses “equality as an empirical
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concept that can be measured;” whereas, “equity in health as a normative concept that primarily
pertains to placing a value judgment on whether health status is equal or unequal among
individuals and groups (Meltzer et al., 2005, 3).” Chang further explains that variants in health
status will always exist among individuals given inherent differences in biology and
environmental factors; however, efforts should focus on the aim of providing and improving the
ability of all individuals to attain their “optimal” health within the bounds of their potential
(Meltzer et al., 2005).
Moreover, the theoretical premise of Health Inequity Theory asserts:
Health inequities are disparities in health or its social determinants that favour the social
groups that were already more advantaged. Inequity does not refer generically to just any
inequalities between any population groups, but very specifically to disparities between
groups of people categorized a priori according to some important features of their
underlying social position. For example, individuals may be grouped by their income or
material possessions, or by characteristics of their occupations, education, or geographic
location, or by their gender, race/ethnicity, or religious group. What all of these factors
have in common is that they often are strongly associated with different levels of social
advantage or privilege. (Braveman, 2006, pp. 182
Integrated Network Theory
In terms of health care integration and coordination, research question 4 is guided by
Integrated Network Theory (INT) which asserts more coordinated health service organizations
may improve the performance and overall outcomes of those organizations. A possible benefit to
the health care system may be the development of more coordinated networks of providers and
patient service settings, referred to as Integrated Health Networks (IHNs). In terms of health care
integration and coordination these IHN organizations may also improve patient health outcomes
and well-being. Researchers have theorized that integrated, provider-based RHCs, which are
coordinated with hospitals and other types of service settings, may possibly reduce patient ER
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service utilization (Coddington, Moore, & Fischer, 1994; Clement, 1992; Conrad & Shortell,
1996; Lin & Wan, 1999; Wan, Ma, & Lin, 2001).

Theoretical Framework
This section presents the theoretical framework and literature that underpins this study of
health care utilization at the patient-, clinic- (RHC), and system-levels. The theoretical
framework accounts for individual, organizational, and system-wide level factors that potentially
play a role in the utilization of health care. While it is not always apparent why differences in the
utilization of health care occur, it is widely acknowledged that multiple factors play contributing
roles at the individual, organizational, and system-wide levels. HIT theory is built into the
theoretical framework as influencing factors in the utilization of health care services.
Specifically, HIT informs the structural components that are potentially associated with
individual and environmental characteristics. However, other structural components at the
organizational and system-wide levels may potentially influence health care utilization and
outcomes. These components are also factored into this framework in order to better control for
their possible mediating effects (This conceptualization is illustrated in Figure 3.1. on page 53.).
The organizational components for RHCs, such as clinic type, are in informed by the theory of
Integrated Network Theory (INT).

Framework Use in Prior Research
Originally conceptualized by Ng and Scholle (2010) from Crossing the Quality Chasm,
published by the Institute of Medicine (IOM) (2001), a theoretical framework was conceived to
examine disparities related to the quality of care. Ng and Scholle (2010) initially explored racial
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and ethnic disparities in health outcomes that existed among midlife and older adults. Their
research examines individual-level and system-level factors for a comprehensive assessment of
influences and differences in the quality of care. The disparities under investigation included
those related to mortality and quality of care associated with diabetes, cardiovascular disease and
other chronic conditions, based on the previous work of Gee and Payne-Sturges (2004) and the
Department of Health and Human Services (DHHS) (2000). The model separated individual
components from system level components, though many of these components are interrelated.
The model design employs a multilevel approach in documenting individual and system-wide
factors which contributed to quality of care. For the purposes of their study, Ng and Scholle
(2010) used six domains as qualities of care outlined by the IOM (2001): safe, equitable,
effective, patient-centered, timely/accessible, and efficient care. The framework was constructed
as a way in which to identify and suggest relationships between system-level and individuallevel factors; and consequently, their potential influence on outcomes, such as disparities in the
quality of care.

Theoretical Framework of this Study
The theoretical framework is informed by HIT and INT. HIT is nested in the framework
as individual demographic characteristics and environmental factors, such as place of residence,
while clinic type is nested within the organizational level. Understanding individual-level,
organizational-level, and environmental factors, collectively, is vital in the examination of the
interactions and possible associations among predictor and outcome variables. Medicare RHC
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beneficiary patient is the first level of analysis, while the RHC clinic is level two of this
multilevel under investigation (see Figure 3.1).
Figure 3.1, “How System and Individual Factors Associate with Emergency Room
Utilization (below),” illustrates the overarching theoretical framework that guides and informs
this study. This framework is designed specifically to reflect a multilevel approach, in terms of
accounting for various system-wide and individual level factors which potentially may have an
influence on ER utilization.
The overarching conceptual framework presented suggests that there are relationships
among system-wide, organizational, environmental, and individual-level factors. To maximize
its applicability, the framework is broad-based and non-disease-specific. It emphasizes systemwide components (top of Figure 3.1), organizational components (middle of Figure 3.1), and
individual components (bottom of Figure 3.1). The organizational-level components include
RHC characteristics, the environmental, contextual-level, which includes place of residence, or
rurality area variation, while individual, patient-level components include the independent
variables of race, ethnicity, and dual eligibility status as an indicator of low SES among other
control variables nested at the individual level. The model has been clarified and parsed by
separating system-, organizational-, environmental-, and individual-level components, though
many of these components are theorized to be actually interconnected.
The individual level factors of race, ethnicity, and dual eligibility were the primary focus
of this study in terms of how these independent variables may influence the dependent variable
of ER health care utilization. Additionally, place of residence in terms of rural area variation was
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the variable that investigated possible environmental-level effects, and RHC type was the second
level factor for organizational differences. The covariates of age, gender, and comorbidities also
be controlled in this proposed framework, along with the organizational component of RHC size.
However, the primary level of analytical interest in this study is the individual level in terms of
how individual Medicare RHC beneficiary patient factors may influence ER health care
utilization.
Moreover, in terms of cross-level interactions among individual, environmental, and
organizational predictors, which in one level may affect the other level, a potential attributable
mediating interaction between the two-level variables may be present. In order to detect a crosslevel or cross-predictor interactions, this study will test for these possible interaction effects on
the individual and contextual levels and between factors by employing two-level mixed
modeling. Detecting cross-level interactions as well as interactions between predictors are major
advantages of multilevel modeling as a statistical method of inquiry. Theoretically, clinic size or
type may affect the level of ER use by interacting with individual level predictors, such as dual
eligibility, race, or ethnicity. These types of interaction effects between contextual and individual
level variables, or perhaps other predictors, may have significant impact overall on ER utilization.
Two-level (multilevel or hierarchical modeling) analysis, as a technique, is effective in teasing
out potential interaction effects between individual variables as well as contextual and ecological
variables in terms of detecting variation in ER use, within this study, and other social phenomena
(Bickel, 2007; Gelman & Hill, 2007; Heck, Thomas & Tabata, 2012; Hox 2010; Raudenbush &
Bryk, 2001).
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Figure 1: How Contextual and Individual Factors Potentially Associate with Emergency
Room Utilization (Older Adult 65≤ RHC Medicare Patients; double arrows signify
potential cross-level and variable interactions).
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Theory-based Hypotheses
This section discusses the formulation and derivation of the directional hypotheses
constructed from HIT for each research question. HIT supports that racial, ethnic, rural, and low
income patient demographic characteristics may influence the ER department health care
utilization. The intent or thrust of this study is to assess changes and trends in subgroup health
disparities related to health care utilization over time.

Individual-Level Hypotheses
Research Question 1 – Is variation in ER utilization associated with race or ethnicity?
Health Inequity Theory (HIT) supports that Black and Hispanic patients may have higher
levels of ER department health care utilization due to chronic stress, high allostatic load, and
poorer health over course of the patients’ lives, as well as systemic, historical, and social
disadvantages or inequities related to the patients’ race and ethnicity documented in the literature
(Braveman, 2006; Krieger 2000 & 2001). HIT and current standing literature suggest that Black
and Hispanic patients tend to utilize ER department health care service settings only when the
need becomes critical, rather than utilizing other care settings more frequently that are
preventative in nature, such as primary care. To reiterate from earlier in this chapter, the
theoretical premise of HIT asserts:
Health inequities are disparities in health or its social determinants that favour the
social groups that were already more advantaged. Inequity does not refer generically
to just any inequalities between any population groups, but very specifically to
disparities between groups of people categorized a priori according to some
important features of their underlying social position. For example, individuals may
be grouped by their income or material possessions, or by characteristics of their
occupations, education, or geographic location, or by their gender, race/ethnicity, or
religious group. What all of these factors have in common is that they often are
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strongly associated with different levels of social advantage or privilege.

(Braveman, 2006, pp. 182)
Theoretically, HIT posits the Black and Hispanic patients may tend to utilize care only
when the need becomes critical and urgent due to social disadvantages that persist. Studies, such
as Carlisle et al. (1995), Giacomini (1996), and Velebil et al. (1995) have consistently found that
Blacks and Hispanics utilize fewer hospital services via inpatient admission and readmission
than Whites. However, Gaskin et al. (2007) found that Blacks and Hispanics are more likely to
visit emergency rooms (ERs) than Whites. These prior research studies support that Blacks and
Hispanics are more likely to visit ERs and utilize emergency medical services. Based upon these
previous empirical observations reported in the literature and the HIT-guided premise, the
following directional hypothesis is proposed:
H1: Black and Hispanic Medicare RHC patients age 65 and over are more likely
to utilize ER services compared to their White counterparts.
Research Question 2 – Is variation in ER utilization associated with dual eligibility?
HIT supports that low-income, dual eligible patients may have increased levels of ER
department health care utilization due to chronic stress, high allostatic load, and poorer health
over course of the patients’ lives, as well as systemic, historical, and social disadvantages or
inequities related to the patients’ socio-economic status (SES) as documented in the literature
(Braveman, 2006; Krieger, 2001). Dual eligibility can indicate, as a proxy measure, low
socioeconomic status (SES). HIT and current standing literature suggest that dual eligible
patients tend to utilize all health care service settings more frequently than non-dual eligible
patients.
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Moon and Shin (2006) found that dual Medicare and Medicaid insurance eligibility is
positively correlated with the utilization likelihood of hospital admission, readmission, and
skilled nursing facility (SNF) placement. However, thus far in the literature, the association
between dual Medicare and Medicaid insurance eligibility and ER utilization is unclear. Okada
and Wan (1980) found that low-income persons without access to neighborhood health clinics in
four cities were more likely to use ERs. Therefore, these beneficiaries can be characterized as
having a low socioeconomic status and may face disparities in health due to poverty and chronic
life stress. Based upon the theoretical literature of Yip et al. (2007), dual eligibles may utilize
more emergency room (ER) services than non-dual eligibles, perhaps due to chronic stress and
poorer health status. The prior literature and research tends to support that dual eligible
beneficiary patients are more likely to visit ERs and utilize emergency medical services. Based
upon previous empirical observation reported in the literature and the HIT-guided premise, the
following directional hypothesis has been proposed:
H2: Medicare RHC patients age 65 and over with dual eligibility are more likely to utilize ER
services compared to non-dual eligible patients.

Systems-Level Hypotheses (Environmental & Organizational)
Research Question 3 – Is variation in ER utilization associated with the area of rurality?

Defining Rurality
Rurality can be defined as the degree or difference in population density over a specified
geographic range or catchment area. A University of Washington zip code classification system,
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Rural-Urban Commuting Area Codes (RUCAs), was used to determine the degree geographic
rurality or area variation. The definitions of Urbanized Areas and Urban Clusters were developed
with great care and are quite complex. In chapter four, this methodology and measurement is
discussed in more detail in terms of defining rurality in the context of this specific study.
Health Inequity Theory (HIT) supports that patients residing in more isolated rural areas
may have higher levels of health care service utilization in certain care settings due to being
increasingly isolated, seeking primary care less often, and being sicker throughout these patients’
lives, as well as systemic, historical, social disadvantages or inequities related to these patients’
place of residence documented in the literature (Braveman, 2006; Krieger, 2001). HIT and
current standing literature suggest that rural patients tend to be hospitalized and re-hospitalized
when inpatient stays become critically necessary, rather than utilizing other care settings more
frequently that are preventative in nature, such as primary care.
Laditka, Laditka, and Probst (2009) found that increased levels of rurality may be
positively associated with preventable hospitalizations or ambulatory care-sensitive conditions in
the United States. More directly, Lishner et al. (2000) found that among Medicare beneﬁciaries
age 65 or older in the United States, those in increasingly remote and rural areas are less likely to
visit emergency rooms (ERs) than those in increasingly populated or urbanized areas. This prior
research tends to support that increasingly rural residents are less likely to visit ERs and utilize
emergency medical services. Theoretically, HIT posits the rural patients may tend to utilize care
only when hospitalization becomes critically necessary due to geographic and social
disadvantages that persist. Based upon previous empirical observations reported in the literature
and the HIT-guided premise, the following directional hypothesis has been proposed:
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H3: Medicare RHC patients age 65 and over residing in areas with higher levels
of rurality are less likely to utilize ER services compared to their counterparts
residing in areas with lower levels of rurality.
Research Question 4 – Is variation in ER utilization associated with clinic type, either providerbased or independent?
In terms of health care integration and coordination, research question 4 is guided by
Integrated Network Theory (INT) which asserts more coordinated health service organizations,
such as Integrated Healthcare Networks (IHNs) may improve the performance and overall
outcomes of those organizations. Theoretically, researchers have posited that integrated,
provider-based RHCs, which are coordinated with hospitals and other types of service settings,
may possibly reduce patient ER use (Coddington, Moore, & Fischer, 1994; Clement, 1992;
Conrad & Shortell, 1996; Lin & Wan, 1999; Wan, Ma, & Lin, 2001).
H4: Provider-based clinics are more likely to have lower levels of ER utilization
than independent clinics, irrespective of other predictor variables.

Summary
This chapter presented the theoretical framework and literature that underpins this study
of ER health care utilization. The theoretical framework examines individual-level factors while
also accounting for organizational and environmental level factors, which may potentially play a
role in influencing ER health care utilization. Health Inequity Theory (HIT) informs the
framework of this study by supporting and grounding the hypothetical directionality of proposed
research questions 1-3, while Integrated Network Theory (INT) informs the framework of this
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study by supporting and grounding the hypothetical directionality of the proposed fourth research
question. The first section reviewed HIT and INT as the theoretical foundations and
underpinnings of this research. The second section described and explained the overall
theoretical framework of this study. The third section discussed the formulation and derivation of
the directional hypotheses constructed from HIT and INT, and reviewed standing literature.
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CHAPTER FOUR: METHODLOGY
Introduction
This chapter discusses and defines the study design, data sources, sampling and statistical
power, measurements of the study, the list of variables, the analysis plan and its methods, model
specifications, and how each hypotheses was tested in this study, along with limitations and other
methodological considerations. The essential aim of this study was to assess possible influences
of race, ethnicity, rurality (area variation), dual eligibility, and RHC type on emergency room
department health care utilization of Medicare (+65) RHC patient beneficiaries in DHHS Region
4, as well as testing for cross-level and variable interactions.

Study Design
A prospective, longitudinal design was used to analyze potential differences or disparities
which may exist among Black, Hispanic, and Dual Eligible RHC patients; rural place of
residence and clinic type were also investigated and factored using multilevel modeling (MLM)
at years 1, 2, and 3, as a statistical method in DHHS Region 4. The years under investigation in
this prospective study were 2010, 2011 and 2012 (year 1, 2, and 3, respectively). This cohort
study analyzed possible patient differences or disparities in ER utilization associated with
individual- and contextual-level factors over time using multilevel modeling for years 1, 2, and
3. Multilevel modeling can account for differing factors on multiple levels (Bickel, 2007;
Gelman & Hill, 2007; Heck &Thomas, 2000; Heck, Thomas & Tabata, 2012 & 2013; Hox 2010;
Raudenbush & Bryk, 2001). The data are constructed so that each beneficiary corresponds to a
respective primary care clinic. This methodological approach utilizes a layered model whereby
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the data are stratified categorically, according to Heck, Thomas, and Tabata (2012). The data and
study design allowed for a cohort of Medicare RHC patients to be analyzed in the three year
observation period. The finalized study design and procedural methods was based on the
completeness of the data and the statistical feasibility of analyzing the data obtained from
Research Data Assistance Center (ResDAC) and CMS.
In terms of the appropriateness of performing a two-level analysis for this particular
study, some suggest interpreting the intraclass correlation coefficient (ICC) as a means of
determining whether MLM is appropriate or whether standard single-level regression would be
sufficient (e.g., Lee, 2000). For instance, if there is a small amount of dependence on secondlevel grouping, then the independence of observations assumption of single-level regression may
not be violated, and thus single-level regression may be an appropriate technique. However, as
Roberts (2007) asserts that small ICCs may not necessarily warrant abandoning MLM, given that
additional dependence can arise after including other predictors as factors within the overall
model. The ICC, therefore, should be an initial indicator of the appropriateness of MLM;
however, small values should not immediately rule out MLM’s use as a statistical procedure
(Anderson, 2012). This latter guideline was used to support that multilevel modeling was an
appropriate statistical procedure to operationally analyze the factors within this study.
Health disparity research tends to utilize secondary data as data sources to examine
demographic difference in race, ethnicity, gender, and age among other individual and contextual
demographic indicators. Most health disparities studies reviewed in Chapter 2 relied on singlelevel, cross-sectional analysis. A notable drawback of single-level studies is that they do not take
into account or capture deeper complexities and interaction effects at more than one level of
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analysis. Moreover, a limitation of cross-sectional study design is that the design cannot examine
change over time. Given the limitations of cross-sectional and single-level study designs, the
design for this investigation was longitudinal, multilevel modeling which can examine variable
change over time at more than one level, in this case, both the patient and clinic levels. This
study was also aided by the ability to link patient-level data across years by means of common,
encrypted beneficiary identifiers. By doing so, this study was able to examine changes over time
in the differences related to ER utilization which may be associated with various individual and
contextual factors, such as race, ethnicity, place of residence, dual Medicare-Medicaid eligibility,
and clinic type. Specific test parameters are discussed in the Analysis section of this chapter.
Some scholars within social science fields advocate the continued and increased use of
longitudinal studies to detect, monitor, and understand variation and social change over time
(Singer & Willett, 2003).
Fixed and random confounding variable effects were risk adjusted by means of
generalized linear mixed modeling (GLMM) in SPSS. This is further discussed in the Analysis
section. Measurement of the dependent variable, ER utilization, was the number of each ER visit
event by the RHC patient beneficiaries in the study sample. Consideration was given to the
influencing dependent, independent, and confounding factors as needed in the final models and
appropriate risk adjustment was made for significantly confounding variables. The RHC
beneficiary patient is the primary, level-1, unit of analysis in this study, and the secondary, level2, unit of analysis is RHC clinic to which the beneficiary patient is tied (as the patient’s primary
care clinic).
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DHHS CMS Region 4
The Urban and Rural Health Chartbook (Eberhardt, Ingram, Makuc et al. 2001; Hartley
2004) support that those rural residents who lived in the Southeastern U.S. had higher rates of
poverty, adult smoking, physical inactivity, death contributing to ischemic heart disease, and
births to adolescents. Responding to regionally diverse behavioral risk impact factors is an
ongoing challenge in rural health. Diverse behavioral risk impact factors demand targeted study
within DHHS/ CMS Region 4. With a growing population of older, more diverse adults in the
United States health care utilization is an area of study which increasingly demands rigorous
investigation in terms of assessing differences and health disparity gaps among Hispanic and
African-American patients, particularly in rural areas of CMS Region 4, or the Southeastern U.S.
DHHS CMS Region 4 study states in include Alabama, Florida, Georgia, Kentucky, Mississippi,
North Carolina, South Carolina, and Tennessee (Region 4 is shown in Figure 4.1 below.).
Compared to the entire population of the United States, DHHS Region 4 has the highest
percentage of persons in poverty. Over half of the states in Region 4 have higher percentages of
persons aged 65 and over (63%), and it is important to note that Florida has the nation’s highest
percentage of older adults. Seven of the DHHS Region 4 states have high percentages of rural
residents, and all of the study states, with exception of Kentucky, have high percentages of Black
or African-American residents (U.S. Census Bureau, 2010). Region 4 may not be representative
of the entire United States in terms of demographic characteristics; therefore, it may be
somewhat difficult to generalize these study findings to other areas of the United States or the
country as a whole. However, due to the regions poorer health, especially in rural areas of the
Southeastern U.S., this study is significant in terms of determining the degree of difference and
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possible disparities in ER utilization over time as influenced by race, ethnicity, socioeconomic
status, and the environmental contextual factor of rural place of residence, as well as how that
may potentially be related to clinic type at the organizational contextual level.

Figure 2: DHHS CMS Region 4: Study States
Data Sources
Three CMS secondary data sources were utilized in this study: the Chronic Conditions
Data Warehouse (Master Beneficiary Summary File – Chronic Conditions (CCW), 2012), the
Master Beneficiary Summary File: Base (A/B/D) segment (Master Beneficiary Summary File –
Base (A/B/D) (MBSF), 2012), and the Medicare RHC cost report file. These data sources are
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discussed in more detail in the next paragraphs as well as in the following variables section of
this chapter. The U.S. Department of Health and Human Services routinely collects these reliable
data sources, which are vital in terms of conducting this study. This study used data collected and
extracted for the years: 2010, 2011, and 2012.
The CMS Chronic Conditions Data Warehouse (CCW) provides researchers with
Medicare and Medicaid beneficiary, claims, and assessment data linked by beneficiary across a
continuum of care. Before this warehouse, researchers analyzing data files were required to
perform exhaustive data scrubbing related to beneficiary matching, deduplication, and merging
of the files in preparation for their study analysis. With the CCW data, the preliminary linkage
work is already performed and delivered by ResDAC as part of the data files for the researcher
or research team to then subsequently run any analyses. In this study, these data are specific to
Medicare RHC patients within DHHS Region 4. The data is collected on an ongoing yearly
basis.
CCW data has been utilized by preeminent scholars in the fields of population health and
chronic condition studies, such as Kindig and Stoddart (2003), and Schneider, O'Donnell, and
Dean (2009). Data reliability and validity have been tested in works such as “Prevalence of
multiple chronic conditions in the United States' Medicare population” (Schneider, O'Donnell, &
Dean, 2009). CCW data has been tested for well over 10 years and redesigned for researchspecific purposes as well as initial administrative claims processing (Virnig, Ash, Kind &
Mesler, 2000). However, given that some clinical standards are not always consistently applied
across practices, the data may suffer slightly from a lack of accuracy from one facility to another.
These CCW files provide health care utilization data in both the inpatient and outpatient care
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settings. This data contains patient data on health care utilization related to hospital admissions,
readmissions, skilled nursing facility placements, and emergency room visits. ER use, as the
outcome variable, was pulled from both the inpatient and outpatient CCW files.
The Master Beneficiary Summary File (MBSF): Base (A/B/D) segment provides
beneficiary enrollment information, such as the beneficiary unique identifier, state and county
codes, zipcode, date of birth, date of death, sex, race, age, monthly entitlement indicators
(A/B/D), reasons for entitlement, and monthly managed care indicators. As an example,
demographic, race and ethnicity data were pulled and used as a measure of ER utilization among
racial and ethnic groups. This file also provided mediating control variables, such as age and
gender. This data is specific to RHC patients, both on an inpatient and outpatient basis. The data
is collected on an ongoing yearly basis.
MBS data has been utilized by preeminent scholars in the field of RHC performance
studies, such as Ortiz and Wan (2012), along with other notable research from Da Graca, Filardo,
and Nicewander (2013) and Riley, Zhao, and Tilahu (2014). Data reliability and validity have
been tested in works such as “Performance of rural health clinics: an examination of efficiency
and Medicare beneficiary outcomes” (Ortiz & Wan, 2012) as well as by Zaslavsky, Ayanian, and
Zaborski (2012) and Siegel (2012). MBS data has been tested for well over 10 years. However,
critiques of the usage of this data for research purposes are that it was intended primarily for
administrative use, and given that some clinical standards are not always consistently applied
across practices, the data may suffer slightly from a lack of accuracy from one facility to another.
Historically, these data sources are considered to have reasonable validity and reliability
in terms of the quality of the data. Notable scholars in the fields of nursing home quality and
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gerontology that have used these datasets include: Wan, Breen, Zhang, and Unruh (2010) who
published the book, Improving the Quality of Care in Nursing Homes: An Evidence-Based
Approach by Johns Hopkins University Press. Their study analyzed over 17,000 nursing homes
across the United States.
Additionally, Medicare cost report data on RHCs provided the organizational- or facilitylevel clinic size control variable data. Although the Medicare cost report was limited in terms of
data loss, it was the most complete source of information available at the time this study was
conducted. The Medicare cost report data provided the RHC size control variable for this study
at the clinic-level. The Medicare cost report has been utilized in rural health research by Ozmeral
et al. (2012). By merging these datasets, this study was able to assess health disparities in terms
of race, rural area variation, and insurance eligibility (dual or non-dual) and their potential
associations with ER department health care utilization by RHC patient beneficiaries.

Data Security, Ethical Considerations, & IRB Approval
This study was made possible by the ability to link patient-level data across years by
means of a common beneficiary encrypted identifier, which had been previously de-identified by
ResDAC. All data delivered to the Rural Health Research Group was de-identified. These
measures were taken to safeguard beneficiary privacy and protect personal health information
(PHI) of all RHC patients of this research. All data was maintained and housed on a stand-alone
computer with both encryption key and password protections in a double-locked facility of the
Rural Health Research Group at the University of Central Florida. Data extraction was
accomplished by an authorized rural health data manager. To comply with all terms of the Data
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Use Agreement (DUA), these and other appropriate data security precautions were taken to
minimize any risk of compromising beneficiary PHI. IRB approval was obtained prior to
working with these sources of beneficiary data (see Appendix B).

Merging Data & Inclusion Criteria
The data that met inclusion criteria were included in the analyses, which is discussed in
the next paragraphs. Data from 2010 through 2012 was included, if available from CMS,
ResDAC, and the Rural Health Research Group at the University of Central Florida. This study
risk adjusted confounding control variables, such as comorbidities and age. The finalized study
design, procedures, and methods below are based on the completeness of the data and the
statistical feasibility of analyzing the data using SPSS software.
The CMS Chronic Conditions Data Warehouse (CCW) and the Master Beneficiary
Summary: Base (A/B/D) segment datasets were merged for this study. This data merger was
performed by an authorized rural health data manager and accomplished using SAS software.
Due to variation in data and their collection across the observed years of this study, dataset
construction modifications and adjustments were performed to link patient data together for this
longitudinal cohort study during the variable construction phase of this research. The finalized
study design and procedural methods was based on the completeness of the data and the
statistical feasibility of analyzing the data obtained from the Rural Health Research Group at the
University of Central Florida.
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Steps for Data Extraction: Study Years 2010 – 2012
These steps were completed by a Rural Health Research Group data manager for the 3year prospective longitudinal, multilevel study:
1. RHC Medicare beneficiaries were determined to be present throughout the
observation window (fiscal years 2010 through 2012). These RHC beneficiaries were
the cohort sample for the panel study. (One initial question was: What is the total
number RHC beneficiaries present in the observation window?) The specific steps
were:
a. To determine how many RHC patient beneficiaries (Unit of Analysis – UoA)
are in year 1 (2010) of the Medicare data?
b. Then determine and delete any RHC patient beneficiaries that had prior ER
visits within the previous year (2009).
c. Then it was determined how many RHC Medicare beneficiary patients remain
in the subsequent years (after 2010, into 2011 and ending in 2012). The
explicit data years start at the beginning of the 2010 calendar year (January)
and stop at the end of 2012 (December); thus, the total study observation
window is exactly 36 months (3 years) for those in the cohort sample.
2. Subsequently, these RHC beneficiaries were merged together into the dataset (for
study years 2010 thru 2012). This dataset also housed and linked all variables related
to Medicare beneficiary patient information and RHC data, such as age, gender, race,
ethnicity, ER visit, revenue center claim date, RHC type, clinic size, dual eligibility
status, Charlson comorbidity score and mailing zip code (as a proxy indicator patient
place of residence).
Samples
From the CMS databases, samples for the purpose of this study were collected and
defined as RHC Medicare beneficiary patients who met the criteria of being age 65 and over and
who also reside and are treated by RHCs in DHHS Region 4. ESRD Medicare beneficiaries were
excluded from the study sample. This region’s study states were Alabama, Florida, Georgia,
Kentucky, Mississippi, North Carolina, South Carolina, and Tennessee. Data from 2010 through
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2012 was analyzed and made available from the Research Data Assistance Center (ResDAC) and
the Rural Health Research Group at the University of Central Florida.

Data Sampling and Statistical Power
Samples of the RHC Medicare (65+) patients in DHHS CMS Region 4 were taken for the
analyses of ER utilization variables under investigation. The level-one unit of analysis is the
RHC Medicare beneficiary patient; moreover, the RHC (primary care clinic) is the level-two unit
of analysis. Consideration was given to effect size and the strength or magnitude of influencing
factors within the model as it was adjusted.
The methodology of this study and multi-level models were adjusted from null, once a
baseline was established. The model was adjusted for optimal goodness of fit pertaining to the
data. Appropriateness of the sample size was taken into consideration. The number of patients in
the sample cohort and their demographics were determined via descriptive statistical methods in
Chapter 5.

Measurement
As it stands, health disparity measures found in the literature are not clearly defined at
times across all studies. Going forward, it is critical to define disparity measures in terms of
access, utilization, and care variables specifically in every study with enough detail so as to be
able to replicate a given study’s design to validate its soundness via future research
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investigations. To reiterate, for definitive purposes, disparity generally refers to an inequality or
some kind of difference between groups (Rural Assistance Center, 2013). The National Institute
of Health (NIH) defines “health disparities” as “differences in the incidence, prevalence,
mortality, and burden of diseases and other adverse health conditions that exist among specific
population groups in the United States (NIH, 2002, 7).” Operationally, for the purpose of this
study, “health disparities” were defined as “differentials or gaps associated with the health care
utilization of RHC patient beneficiary subgroups in the emergency room (ER) service setting.”
As data became available, the number of patients in the sample and their demographics were
determined via basic descriptive statistical methods and reported in the results of Chapter 5.

Variables
Below the dependent variable, independent variables, and covariates are provided and
discussed as to how they were operationalized in this study. The dependent variable was
emergency room department health care utilization. The independent variables were race,
ethnicity, residential area variation (rurality), insurance eligibility (dual or non-dual), and clinic
type of the beneficiary patient’s RHC. The possible covariates included were the patient factors
of age, gender, comorbidities and the RHC characteristic of clinic size, which had an influential
interaction effect within the model related to the dependent and independent variables in this
investigation. Interactions effects associated with race, ethnicity, SES, and age, among other
variables were controlled by factoring applicable covariates and making risk adjustments within
the multi-level equation models of this study.
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Dependent Variable
This dependent outcome variable is ER health care utilization. The dependent variable
data of ER department utilization was constructed from the Master Beneficiary Summary File
(MBSF) and the Chronic Condition Warehouse (CCW) inpatient and outpatient Research
Identifiable Files (RIF) for years 2010 through 2012. RHC patient beneficiaries in the study
sample had a numerical count of each emergency room visit event in the 36 month observational
period from 2010 through 2012 for each patient, multiple visits repeated patient visits were also
counted and factored. Each event of an ER visit for a given patient was counted as an event;
RHC patients in the sample could have had either no event, one event, or multiple events for
each year in the observation period, each ER visit was counted as one event each time a patient
had an ER visit event in the study observation period.

Emergency Room (ER) Visits
The emergency room visit variable was the event(s) of unique emergency department
revenue center dates (as a proxy for an ED visit) in the hospital outpatient data file in a given
year. Revenue centers indicating Emergency Room use were (0450, 0451, 0452, 0456, or 0459).
(note that additional ED revenue centers are found in the IP data files – if the ED visit resulted
in an IP admission at the same facility) (MBSF, 2012; CCW, 2012). If the patient visited the ER
once, or more than once, then each event was counted as one (1); however, if the patient did not
visit the ER, or had no recorded ER visits, then the patient record for the year was recorded and
counted as zero (0). The following table (4.1) gives the dependent variable name, type, role,
measure, definition, and data files from which it was extracted.
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Table 2: Dependent Variable
Variable Name
(Type/ Role)
ER Visits
Short SAS Name:
HOP_ER_VISITS
(Binary, Nominal
Event/
Dependent)

Measure

Operational Definition

1 = 1 ER visit
event for each
patient in the
sample, also
counting multiple
events for
patients with
more than one ER
visit;

The emergency room visits variable is the
count of unique emergency department
revenue center dates (as a proxy for an ED
visit) in the hospital outpatient data file for a
given year. Revenue centers indicating
Emergency Room use were (0450, 0451,
0452, 0456, or 0459). (note that additional
ED revenue centers are found in the IP data
files – if the ED visit resulted in an IP
admission at the same facility) (MBSF,
2012).

0 = no ER visit
event within the
observation year.

Data File
Source
MBSF,
CCW
Inpatient
and Outpatient
Files

Independent Variables
Race and Ethnicity
The variable indicates the patient’s race or ethnicity as either Black, Hispanic, White, or
other, as shown in Table 4.2. Independent Variables, the respective data coding is also given.
This study examined racial and ethnic contextual differences in Black, Hispanic, and White
(among other groups) of Medicare (+65) RHC patients in DHHS Region 4 by comparing these
demographic characteristics on ER department utilization and possible differences among these
groups. The categorical independent variable of race and ethnicity was classified as either
“Black,” “Hispanic,” “White” or other for patients included in the sample. This variable was
pulled from the MBS file as “Race.” Ethnicity is also pulled from the “Race” field by the
identifying a patient as Hispanic, rather than White, Black, or other.
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Dual Medicare and Medicaid Eligibility
This variable indicates the patient’s beneficiary status, coded as either Dual Eligible
(meeting spend down criteria for both state and federal financial assistance) or Medicare Only
Recipient (not eligible for Medicaid assistance based on financial assets, holdings, and income
minus unpaid medical and other debt). This variable was determined by the dual eligibility status
in the MBS-CCW dataset. Dual eligibility can be used indicate, as a proxy measure, low
socioeconomic status (SES). This variable is measured by: either (1) Dual Eligibles, both
Medicare and Medicaid eligible beneficiaries, or (2) Medicare only eligible beneficiaries. The
dual insurance eligibility category, as a proxy measure of beneficiary socioeconomic status
(SES) differences, were then compared to the dependent variable of ER department utilization.
This variable was extracted from the MBS files.

Area Variation (Rural Place of Residence)
The variable indicates the patient’s level of rurality or place of residence by zip code
using a University of Washington zip code system the Rural Urban Commuting Area (RUCA) 3tiered system of rurality (coded as 3 levels of rurality and 1 level of urban place of residence)
(Morrill, Cromartie, & Hart, 1999). This study categorized the patient population into three (3)
levels of rural area variation based on the zip code in which a patient beneficiary resides (patient
information may also show as “urban,” if the zip code is classified as such. The place of
residence was then compared to the dependent variable of ER department utilization. This
variable was pulled from the MBS file.
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A University of Washington zip code categorization system, known as RUCA,
determined geographic rurality. The three levels of Census tract-based RUCA Version 2 codes
are based on: a) 2000 Census work commuting information, and b) Census Bureau defined
Urbanized Areas (cities of 50,000 and greater population) and Urban Clusters (cities/towns of
from 2,500 through 49,999 populations). The definitions of Urbanized Areas and Urban Clusters
were developed with great care and are quite complex; more so than the United States
Department of Agriculture (USDA, 2013) specifications on rurality measures. This classification
schema provided the basis for determining the level of rurality by geographic zip code for the
patients’ place of residence (as reported by postal code within the patient’s claim records).

RHC Type (Provider-based or Independent)
This variable indicates the clinic type which was categorized as either a provider-based
hospital affiliated RHC, coded as 1, or a RHC that identifies as an independent clinic, coded as 0.
This variable was pulled from the CMS Cost Report data file. Clinic type was utilized as an
independent variable in the multi-level models.
The following table (4.2) gives the independent variable name, type, role, measure,
operational definition, and data file from which it was extracted. After this table, these
independent variables are discussed in terms of how each were utilized to test each directional
hypotheses in the Analysis section:
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Table 3: Indpendent Variables
Variable Name
(Type/ Role)

Data Coding of the Categorical
Measure

Operational Definition

Data File
Source

Patient-level Independent Variables
Race/ Ethnicity
(Categorical/
Independent)

0 = White
1 = Black
2 = Hispanic
3 = Asian
4 = Native American
5 = Other
6 = Unknown

The data in this column
indicates the Patient’s Race/
Ethnicity.

MBS

Medicare/
Medicaid
Insurance
Eligibility Status
(Categorical
Nominal/ Binary
Independent)

0 = Non-Dual Eligible Bene Pt
1 = Dual Eligible Bene Pt

The data in this column
indicates the Patient’s
Insurance Eligibility Status as
either Dual Eligible, or
Medicare Only Beneficiary.

MBS

The data in this column
indicates the Patient’s Rural
Area Variation by Zip Code
(3 levels of rurality and 1
level of urban area).

MBS

This variable indicates the
clinic type categorized as
either Provider-based RHC
or Independent RHC.

Clinic
Cost
Report

Environmental-Contextual-level Independent Variable
Area Variation
(Rural Place of
Residence)
(Categorical/
Independent)

0 = Large Rural City/ Town
1 = Small Rural Town
2 = Isolated Small Rural Town
3 = Urban

Organizational-Contextual-level Independent Variable
RHC Type
Provbsd
(Categorical
Nominal/ Binary
Independent)

1 = Provider-based RHC
0 = Independent RHC
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Control Variables
This section discusses the treatment and risk-adjustment of confounding control
variables. In order to focus in on the signals and possible associations among the dependent and
independent variables under investigation, this study controlled for confounding variables at the
patient and clinic levels when running analyses. Interactions effects associated with
race/ethnicity, SES, and age, among others were controlled by factoring applicable control
variables into the equation models in this study and risk adjusting confounders as necessary.

Patient-level Control Variables
Age
This variable indicates the patient’s age. Age at the time of event(s) was factored (by
taking the date of event(s) and the patient’s age on that date). This variable was pulled from
either the CCW or MBS files. Age was risk adjusted as a control variable, when the multi-level
models were analyzed.

Gender
The variable indicates the patient’s gender. Treated as a nominal control variable. Gender
is coded by CMS as ‘1’ for male, ‘2’ for female, and ‘0’ for unknown. As a secondary inquiry,
gender was analyzed for possible statistically significant associations that may be present among
the RHC patients and health care service utilization in the hospital, skilled nursing facility, and
ER settings. This variable can be pulled from either the CCW or MBS files. Gender was risk
adjusted as a control variable in the models as necessary. However, given that health disparities
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in gender may exist, this variable was analyzed for possible statistically significance that may be
present among the RHC patients as well.

Comorbidities
The variable indicates other possible comorbidities that impact patients in the study as
well as the severities of the comorbid conditions that may be present. Comorbidities at the time
of event(s) were used in the analyses as determined by the Charlson index. The comorbidities
variable was constructed using patient data that includes multiple chronic conditions from the
CCW and MBS files for each patient. Based on the number of chronic conditions per patient, the
Charlson index was used as a categorization and stratification system for comorbidities. This
index is based on a point scoring system (from 0 to 40) for the presence of specific associated
diseases. The distinguishing feature and primary advantage of the Charlson index is its capability
to evaluate a patient’s age and determine a patient’s mortality rate (Charlson et al., 1987). The
Charlson index has been used and well-tested in prior research notably by D'Hoore, Bouckaert,
and Tilquin (1996) and Quan et al. (2011). This variable was extracted from the CCW and MDS
files. Comorbidities were risk adjusted as a control variable in the models when necessary.

Clinic-level Control Variable
RHC Size
This variable indicates each RHC’s number of clinicians on staff. This variable was
determined by the number of providers that practice at each specific RHC, as well as being
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adjusted for each clinician’s full time employment (FTE). This study assigned patients to a
primary care RHC and code the staffing level of each facility as indicated by the number of
primary care clinicians (number of physicians + NPs + PAs). This variable was determined by
the number of providers that practice full time at each specific clinic. This clinic variable was
pulled from a constructed file, based on cost report data, which linked the patients to their
primary care RHC facility that was determined by the number of visits to each RHC, if multiple
RHCs are utilized by a patient in the study sample. RHC Size was risk adjusted as a control
variable in the models as necessary. This control variable was included, unless either a large
amount of missing data prohibit the variable from being factored or its interaction effect was
statistically not significant as a factor in the model.
The following table (4.3) gives the control variable name, type, role, measure, operational
definition, and data file(s) from which variable can be pulled. After this table, these control
variables are discussed in terms of how each of these variables were accounted for when running
tests for each directional hypotheses in the analysis section:
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Table 4: Control Variables
Variable Name
(Type/ Role)

Data Coding of the Categorical
Measure

Operational Definition

Data File
Source

This variable indicates
the Patient’s Age
grouping. Age at the time
of collection was used in
the analyses.
The variable indicates the
Patient’s Gender. Treated
as a fixed nominal
variable.
The variable indicates the
Patient’s Charlson
Comorbidity Index (CCI)
score grouping CCI score
at the time of collection
was used in the analyses.

MBS,
MDS,
CCW

This variable indicates
the RHC’s number of
clinicians on staff. This
variable was determined
by the number of fulltime (FT) providers that
practice at each specific
RHC.

Cost
Report
Data

Patient-level Control Variables
Age
(Categorical/
Ordinal
Control)

0 = 65-74, Young Old
1 = 75-84, Old
2 = 85-94, Older Old
3 = 95-and above, Oldest

Gender
(Categorical/
Binary/ Nominal
Control)
Comorbidities
(Categorical/
Ordinal
Control)

0 = Male
1 = Female

0 = CCI score of 0
1 = CCI score of 1
2 = CCI score of 2
3 = CCI score of 3 or higher

MBS,
MDS,
CCW
MBS,
MDS,
CCW

Clinic-level Control Variable
RHC Size
(Categorical/
Ordinal
Control)

0 = Large clinic, 7 or more providers
1 = Midsize clinic, 4-6 providers
2 = Small clinic, 0-3 providers
Note: Based on Full-time providers

Other control variables may also impact the associations of the dependent and
independent variables under investigation in this study. The confounding variables, which were
available to include in the analysis, on either patient- or clinic-level were appropriately riskadjusted in the multilevel models to account for those influences, especially patient age and
comorbidity score. The feasibility of including these variables as confounding factors was
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determined by the ability to tie each of the patient- and clinic-level characteristics to RHC
Medicare beneficiary patients within the given study sample.

Analytical Framework
The analytical framework introduces multi-level modeling as the statistical method of
this study, why this method was selected, and explains how this study evaluated and tested each
of the directional hypotheses by examining the associations of race, ethnicity, rural area
variation, and dual eligibility on ER utilization for RHC Medicare beneficiary patients in DHHS
Region 4, as well as the possible effect of RHC type on ER use. RHC Medicare beneficiary
patient is the unit of analysis in this study at level-one and the RHC is the level-two unit of
analysis at the organizational-level as shown in Figure 4.2., Framework for analyzing Individual
and Contextual Factors on ER Utilization. Using a cohort of patients tied to their respective
clinics, and accounting for fixed and random effects, a longitudinal comparison for the years in
the observational window, 2010, 2011, and 2012, were reported. All patients in the sample were
present throughout the three-year observational period.
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Figure 3: Framework for analyzing Individual and Contextual Factors on ER Utilization
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Multi-level Modeling
Multilevel or hierarchical modeling is “a generalization of linear and generalized linear
modeling in which regression coefficients are themselves given a model whose parameters are
also estimated from data (Gelman, 2006, 241).” Multilevel modeling (MLM) can account for
differing fixed and random factor effects on multiple levels (Bickel, 2007; Gelman & Hill, 2007;
Heck, Thomas & Tabata, 2012 & 2013; Hox 2010; Raudenbush & Bryk, 2001). This
methodological approach utilizes nested models whereby data can also be categorically stratified,
according to Heck, Thomas, and Tabata (2012). Multilevel modeling is an increasingly used
approach to modeling hierarchically-structured or nested data in social science research as it
outperforms classical regression in its predictive accuracy (Gelman, 2006).

Multi-level Modeling: Statistical Advantages & Limitations
MLM allows for nesting of group characteristics to account for statistical dependency
(O'Dwyer & Parker, 2014). This is important because statistical dependencies, for a myriad of
reasons, can and sometimes do occur in social science inquiry. For example, in a situation
where patients are nested in clinics. The patients nested in clinics may share similar
characteristics or contextual factors due to the clinic in which they are nested. In using
ordinary least squares (OLS) regression in this instance, a key assumption of OLS models, and
other commonly used statistical tools, is that each individual patient provides a unique piece of
statistical data, which is completely unrelated to the information provided by other individual
patients in the sample (Bickel, 2007; Gelman & Hill, 2007; Heck, Thomas & Tabata, 2012 &
2013; Hox 2010; O'Dwyer & Parker, 2014; Raudenbush & Bryk, 2001). Patients who may be
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statistically dependent on the clinic in which they are nested, violates the assumption of the
independence of observations. MLM produces unbiased estimates of the standard errors
associated with the regression coefficients when the data are nested, and allows for group
(clinic-level) characteristics to be included in models of individual (patient-level) outcomes
(Bickel, 2007; Gelman & Hill, 2007; Heck, Thomas & Tabata, 2012 & 2013; Hox 2010;
O'Dwyer & Parker, 2014; Raudenbush & Bryk, 2001). OLS and other rudimentary statistical
analyses do not accurately modeled the true relationships between the outcome and the
predictors. Moreover, MLM analyses provide a means of modeling cross-level interactions
(Bickel, 2007; Heck, Thomas & Tabata, 2012 & 2013). MLM also allows for the definition and
analysis of each level-one individual’s slope independent from the slope of other individuals
(Bickel, 2007; Heck, Thomas & Tabata, 2012 & 2013). MLM analytic procedures also allows
for the model to estimate error that normal regression cannot (Bickel, 2007; Gelman & Hill,
2007; Heck, Thomas & Tabata, 2012 & 2013; Hox 2010; O'Dwyer & Parker, 2014; Raudenbush
& Bryk, 2001).
Moreover, in terms of cross-level interactions among individual, environmental, and
organizational predictors, which in one level may affect the other level, a potential attributable
mediating interaction between the two-level variables may be present. In order to detect a crosslevel or cross-predictor interactions, this study will test for these possible interaction effects on
the individual and contextual levels and between factors by employing two-level mixed
modeling. Detecting cross-level interactions as well as interactions between predictors are major
advantages of multilevel modeling as a statistical method of inquiry. Theoretically, clinic size or
type may affect the level of ER use by interacting with individual level predictors, such as dual
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eligibility, race, or ethnicity. These types of interaction effects between contextual and individual
level variables, or perhaps other predictors, may have significant impact overall on ER utilization.
Two-level (multilevel or hierarchical modeling) analysis, as a technique, is effective in teasing
out potential interaction effects between individual variables as well as contextual and ecological
variables in terms of detecting variation in ER use, within this study, and other social phenomena
(Bickel, 2007; Gelman & Hill, 2007; Heck, Thomas & Tabata, 2012; Hox 2010; Raudenbush &
Bryk, 2001).
In terms of limitations as a statistical tool, multilevel regression modeling may not correct
bias in the regression coefficient estimates of OLS; however, MLM does produce unbiased
estimates of the standard errors associated with the regression coefficients when the data are
nested, and allows for group characteristics to be included in models of individual outcomes
(Bickel, 2007; Gelman & Hill, 2007; Heck, Thomas & Tabata, 2012 & 2013; Hox 2010;
O'Dwyer & Parker, 2014; Raudenbush & Bryk, 2001). Additionally, there are no clear equivalent
analogues to R, R-square, and pseudo-R-square available for MLM in SPSS; several pseudo Rsquare measures are provided in IBM SPSS for single-level logistic regression, however there
are none currently available for GENLIN MIXED procedures (Heck, Thomas & Tabata, 2012 &
2013; Hox 2010).

MLM Equation Models
The following equations give the basic mathematical conceptualization of MLM. First,
the level-one equation model is constructed. Second, the level-two equation model is defined.
Then the level-one and level-two equation models are combined in order to run an analysis that
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factors both levels (Bickel, 2007; Gelman & Hill, 2007; Heck & Thomas, 2000; Heck, Thomas
& Tabata, 2012; Hox 2010; O'Dwyer & Parker, 2014; Raudenbush & Bryk, 2001). Below in the
Research Question Hypotheses Testing of ER Utilization & Predictor Variables section, the full,
all-factors equation is provided for the considered variables.

Level-one (1) equation model:
Yij = β0j + β1jX1j + εij

(1)

β0j = γ00 + γ01Xj + u0j

(2)

β1j = γ10 + γ11Xj + u1j

(3)

Level-two (2) equation model:

Full (Combined Levels) equation model:
Yij = γ00 + γ10Xij + γ01X1j + γ11X1j + u1jX1j + u0j + εij

(4)

Analysis
Descriptive Statistic Procedures
Preliminary analysis was used to provide descriptive statistics of the study’s population
and value of variables. Measures for all dependent, control, and independent variables were
evaluated. The descriptive statistics for all variables were run and analyzed to ascertain general
information about RHC Medicare patient and clinic characteristics in DHHS Region 4,
confounding control variables, and the dependent variable of ER department health care
utilization. RHC Beneficiary or patient is the unit of analysis in this study. IRB approval was
obtained before working with the data and running any tests.
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Research Question Hypotheses Testing of ER Utilization & Predictor Variables
The dependent variable emergency room visits (ERVs) was examined for associations
with the independent variables of: race and ethnicity, dual eligibility, rural area variation, and
RHC type, along with confounding, control variables:
Yij (ERVs) = γ00 + γ01[Race/Ethnicity]ij + γ02[Dual Eligibility]ij + γ03[Rural Area
Variation/ Place of Residence]ij + γ04[Clinic Type]j + γ05[Age]ij +
γ06[Gender]ij + γ07[Comorbidity]ij + γ09[Clinic Size]j + u0j + εij
This general model schema was used in order to test the following directional research question
hypotheses:
H1: Black and Hispanic Medicare RHC patients age 65 and over are more likely
to utilize ER services compared to their White counterparts.

H2: Medicare RHC patients age 65 and over with dual eligibility are more likely
to utilize ER services compared to non-dual eligible patients.

H3: Medicare RHC patients age 65 and over residing in areas with higher levels
of rurality are less likely to utilize ER services compared to their counterparts
residing in areas with lower levels of rurality.

H4: Provider-based clinics have lower levels of ER utilization than independent
clinics, irrespective of other predictor variables.
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Preliminary single- and two-level regression models were run and analyzed to determine
appropriate statistical procedures in which to further analyze the study variables and data. After
determining that indeed multilevel modeling was an appropriate statistical procedure in which to
operationally analyze this study, its variables, and data; MLM two-level regression was used to
test the directional hypotheses for statistically significant differences between the patient groups
and other predictor factors, based on an alpha (α) level that is less than or equal to 0.05. The
confidence interval (CI) was set at 95%. The following section outlines and explains the
multilevel, hierarchical, modeling procedures and the considerations of their subsequent
statistical analyses.

Multilevel Modeling Procedures
First, null models were tested with only ER utilization present within the models for
years 1, 2, and 3 to establish baselines for comparing how well final adjusted models fit. It is
important to note, as Hox (2010) and Heck, Thomas, and Tabata (2012) point out, multilevel
estimation procedures specifically with categorical outcomes are approximations; however
cautiously, –2 log pseudolikelihood may be compared between successive models. Also
examining individual parameters and residuals are helpful in determining approximately where
sources of model misfit may reside (Heck, Thomas, Tabata, 2012).
Second, single-level as well as two-level predictor models were developed and tested for
interactions and impact on ER utilization. Additionally, cross-level and “two-way” variable
interactions were tested for potential impact and association with ER utilization using multilevel
modeling as statistical procedure. Once variables with significant impact on ER utilization were
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determined final adjusted models were developed and tested. The final adjusted model was run
for years 1, 2, and 3; the results for each year were then compared for differences in the
incidence rates of ER utilization across the observational window, based on variations in
exponentiated beta coefficients and odds ratios.
In terms of other MLM statistic-related procedural considerations, the adjusted models
and null models were compared for determining approximate goodness of fit; however, as Hox
(2010) and Heck, Thomas, and Tabata (2012) point out, multilevel estimation procedures
specifically with categorical outcomes are only approximations. Additionally, examining
individual parameters and residuals can help to detect where model misfit may occur (Heck,
Thomas, Tabata, 2012). Moreover, Heck, Thomas, and Tabata (2012, pp. 21) point out
“intraclass correlation coefficient (ICC), which describes the portion of variability in outcomes
that lies between groups compared to the total variability, cannot be directly calculated [for
models with categorical outcomes] in a manner similar to multilevel models with continuous
outcomes.” However, ICC between clinics can be calculated from SPSS output results based on
the random effects intercept reported, provided in Appendix A.
Some suggest interpreting the ICC as a means of determining whether MLM is
appropriate or whether standard single-level regression would be sufficient (e.g., Lee, 2000). For
instance, if there is a small amount of dependence on second-level grouping, then the
independence of observations assumption of single-level regression may not be violated, and
thus single-level regression may be an appropriate technique. Conversely, as Roberts (2007)
asserts that small ICCs may not necessarily warrant abandoning MLM, given that additional
dependence can arise after including other predictors as factors within the overall model. The
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ICC, therefore, should be an initial indicator of the appropriateness of MLM; however, small
values should not immediately rule out MLM’s use as a statistical procedure (Anderson, 2012).
This latter guideline was used to support that multilevel modeling was an appropriate statistical
procedure by which to operationally analyze the factors within this study.
Another other consideration to note, in terms of model goodness of fit, Hox (2010) and
Heck, Thomas, Tabata (2012) caution that comparative estimate solutions for test statistics based
on deviance (-2LL) are simply approximations and are not very accurate. Moreover, the
examination of change in the -2 pseudolikelihood between models is possible; however,
meaningful interpretation of these coefficient deviances are tenuous at best due to differentials in
the data transformation, which are employed across null and adjusted models (Heck, Thomas,
Tabata, 2012). The -2 pseudolikelihood numbers are reported in Appendix A; however,
meaningful interpretation of these numbers are relative and limited to generalization in terms of
any actual degree of difference between the models given in the SPSS output reports as of 2016,
especially without the purchase other advanced IBM add-on modules.
On the technical specifications of the utilized software and also pertinent data security
considerations, the standard IBM SPSS, Version 22, statistical software package was available in
terms of working with the secured, de-identified, secondary Medicare data on a double-locked,
stand-alone computer, per guidelines set forth by the Rural Health Research Group Director—in
order to legal comply with the CMS’s data use agreement (DUA), which was necessary to obtain
the data in order to actually analyze the data and conduct this research.
Finally, the CMS data for the RHC Medicare beneficiary patient groupings of race,
ethnicity, eligibility status (dual or non-dual), area variation (rurality), and RHC type in DHHS
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Region 4 was examined for the four research questions. ER utilization among the groups were
statistically analyzed and compared for possible differences, or disparities in ER use, through
multilevel modeling (MLM). MLM was used to test each of the four research questions by
examining statistically significant differences in ER utilization based on key control and
independent predictor variables. Specifically, ER utilization was compared across the
independent variable categories of race, ethnicity, insurance eligibility status, rural area
variation, and the clinic type of the patient’s primary RHC.

Individual-level Factor Analyses
Research Question 1: ER utilization differences were tested by examining the race and
ethnicity of RHC Medicare beneficiary patients in Region 4. The primary unit of analysis was
the patient or Medicare beneficiary, and the secondary level unit of analysis was the RHC. This
study tested the hypothesis of research question 1 on racial and ethnic individual differences in
Black, Hispanic, and White RHC Medicare (+65) patients in DHHS Region 4 by comparing
individual demographic characteristics on ER utilization. These racial and ethnic groupings were
then analyzed and compared for differences in ER utilization. Starting from the beginning 2010
through in the end of 2012, the possible influence of race and ethnicity on ER department
utilization was evaluated by examining potentially statistically significant differences among the
variable factors within the multi-level models. All alphas less than or equal to .05 were deemed
statistically significant; all confidence intervals (CIs) were set at 95%.
Odds Ratios (ORs) provided estimates of the relative risk across racial and ethnic groups
in this study. The reference group was White, non-Hispanic (coded 0). The odds ratios among
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racial and ethnic groups with increased risk factors of ER utilization (in cases of race and
ethnicity, Blacks and Hispanics) were compared to those without an increased risk (White, nonHispanic). The odds ratio indicated the strength of risk by each race and ethnicity grouping. This
longitudinal study compared the relative risk of ER utilization among Black and Hispanic RHC
Medicare Beneficiary patients to the incidence of White, non-Hispanic RHC Medicare
Beneficiary patients to determine relative risk from Year 1 (2010) through Year 3 (2012).
To provide an understanding of odds ratios and their interpretations: An OR of 1.0 would
indicate that the two group incidences rates would be equal or that there is no differential risk
between either groups in terms of ER use; therefore, the factors of race or ethnicity would be
found to have no effect. An OR of 2 would indicate that Black and/or Hispanic patients were
twice as likely to utilize ER services or indicates that the difference risk is two times greater for
those patient groups than the reference point group of White, non-Hispanic patients. Whereas, an
OR of 0.5 would indicate that a particular race or ethnic group would be half as likely to utilize
ER services.
Research Question 2: ER utilization differences were tested by examining the dual
eligibility of RHC Medicare beneficiary patients in Region 4. The primary unit of analysis was
the patient or Medicare beneficiary, and the secondary level unit of analysis was the RHC. This
study tested the hypothesis of research question 2 by categorizing the independent variable of
insurance eligibility as either Dual Eligibles (coded as 1), Medicare and Medicaid eligible
beneficiaries, or Medicare only eligible beneficiaries (coded as 0). The insurance eligibility
groups were then analyzed and compared for differences in ER utilization. Starting from the
beginning 2010 through in the end of 2012, the possible influence of insurance eligibility on ER
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department utilization was evaluated by examining any statistically significant difference
between the two groups, while factoring other influential variables within the multi-level models.
All alphas less than or equal to .05 were deemed statistically significant; all confidence intervals
(CIs) were set at 95%.
Odds Ratios (ORs) provided estimates of the relative risk between the dual and non-dual
eligible beneficiary groups in this study. The reference group was Medicare only, non-dual
eligible (coded 0). The odds ratios between the two insurance eligibility groups were
compared—in this case, the dual eligible beneficiary group, which has an increased risk of ER
utilization, compared to the Medicare only beneficiary group. The odds ratio indicated the
strength of risk of each eligibility group. This longitudinal study compared the relative risk of ER
utilization between dual eligible RHC Medicare Beneficiary patients to the incidence of non-dual
eligible, Medicare only RHC beneficiary patients to determine relative risk from Year 1 (2010)
through Year 3 (2012).
To provide an understanding of odds ratios and their interpretations: An OR of 1.0 would
indicate that the incidence rates of the two groups would be equal or that no difference in risk
between either group was detected; therefore, the factor of public insurance eligibility would be
found to have no effect. An OR of 2 would indicate that dual eligible patients were twice as
likely to utilize ER services or indicates that the difference in risk is two times greater compared
to non-dual eligible patients. Whereas, an OR of 0.5 would indicate that the dual eligible group
would be half as likely to utilize ER services. Dual eligibility status is a proxy measure of lower
socioeconomic status (SES) compared non-dual insurance eligibility (Medicare only coverage).
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Contextual-level Factor Analyses (Environmental & Organizational)
Research Question 3: ER utilization differences were tested by examining the rural
area variation (or the place of residence) of RHC Medicare beneficiary patients in Region 4.
The primary unit of analysis was the patient or Medicare beneficiary, and the secondary level
unit of analysis was the RHC. This study tested the hypothesis of research question 3 by
categorizing RHC Medicare beneficiary patients into three (3) levels of rural area variation based
on the claims record zip code, and also one (1) level categorized as Urban. Beneficiary patient
zip codes were analyzed and compared for differences in ER utilization. Starting from the
beginning 2010 through in the end of 2012, the possible influence of place of residence (or rural
area variation) on ER department utilization was evaluated by examining statistically significant
differences among the variable factors within the multi-level models. All alphas less than or
equal to .05 were deemed statistically significant; all confidence intervals (CIs) were set at 95%.
Odds Ratios (ORs) provided estimates of the relative risk across place of residence
groupings in this study. The reference group was “Large Rural” (coded 0). The odds ratios
among the place of residence groupings with increased risk factors of ER utilization (in this case,
increased rurality—those beneficiaries whose reported postal zip codes were classified as being
located in an increasingly isolated or remote rural areas) were compared to those without
increased risk. The odds ratio indicated the strength of risk by each place of residence grouping.
This longitudinal study compared the relative risk of ER utilization among RHC Medicare
beneficiary patients living in increasingly rural areas to the incidence of RHC Medicare
beneficiary patients living in increasingly populated larger rural areas to determine relative risk
from Year 1 (2010) through Year 3 (2012).
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To provide an understanding of odds ratios and their interpretations: An OR of 1.0 would
indicate that the incidence rates of the groups would be equal or that there is no differential risk
between either groups in terms of ER use; therefore, the factor of rural area variation would be
found to have no effect. An OR of 2 would indicate that patients living in increasingly rural areas
were twice as likely to utilize ER services or indicates that the risk differential is two times
greater in this group. Whereas, an OR of 0.5 would indicate that a particular area variation
grouping would be half as likely to utilize ER services.
Research Question 4: ER utilization differences were tested by examining the Clinic
Type of RHCs treating Medicare beneficiary patients in Region 4. The primary unit of analysis
was the patient or Medicare beneficiary, and the secondary level unit of analysis was the RHC.
This study tested the hypothesis of research question 4 by categorizing the independent variable
of RHC Type as either a Provider-based clinic (coded as 1) or Independent clinic (coded as 0).
The two RHC Type categories were then analyzed and compared for differences in ER
utilization. Starting from the beginning 2010 through in the end of 2012, the possible influence
of RHC Type on ER department utilization was evaluated by examining any statistically
significant difference between the two groups, while factoring other influential variables within
the multi-level models. All alphas less than or equal to .05 were deemed statistically significant;
all confidence intervals (CIs) were set at 95%.
Odds Ratios (ORs) provided estimates of the relative risk between the Provider-based and
Independent RHCs in this study. The reference group was the Independent clinic type of RHC
(coded 0).The odds ratios between the two RHC types were compared—in this case, the
Independent RHCs, which may have an increased risk of ER utilization, compared to the
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Provider-based RHCs, based on the underpinnings of Integrated Network Theory. The odds ratio
indicated the strength of risk of each clinic type. This longitudinal study compared the relative
risk of ER utilization between Independent RHC Medicare Beneficiary patients to the incidence
of Provider-based RHC Medicare Beneficiary patients to determine relative risk from Year 1
(2010) through Year 3 (2012).
To provide an understanding of odds ratios and their interpretations: An OR of 1.0 would
indicate that the incidence rates of the two groups would be equal or that no difference in risk
between either group was detected; therefore, the factor of RHC type would be found to have no
effect. An OR of 2 would indicate that Independent RHC patients were twice as likely to utilize
ER services or indicates that the difference in risk is two times greater compared to Providerbased clinic patients. Whereas, conversely, an OR of 0.5 would indicate that the Independent
RHC patients would be half as likely to utilize ER services.
To reiterate, some suggest interpreting the ICC as a means of determining whether MLM
is appropriate or whether standard single-level regression would be sufficient (e.g., Lee, 2000).
For instance, if there is a small amount of dependence on second-level grouping, then the
independence of observations assumption of single-level regression may not be violated, and
thus single-level regression may be an appropriate technique. Conversely, as Roberts (2007)
asserts that small ICCs may not necessarily warrant abandoning MLM, given that additional
dependence can arise after including other predictors as factors within the overall model. The
ICC, therefore, should be an initial indicator of the appropriateness of MLM; however, small
values should not immediately rule out MLM’s use as a statistical procedure (Anderson, 2012).
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For the yearly null models, ICC was calculated and suggests that about 3.6%, 4.0%, and
5.6%, respectively for years 1, 2, and 3, of the variability in ER utilization lies between RHCs.
Given that there is some degree variability between RHCs in the likelihood for patient’s to use
ER services, a multilevel was developed to explain this degree of variability within the models.

Summary
This chapter discussed and defined the study design, data sources, sampling and statistical
power, measurements of the study, the list of variables, the analytical framework and its
methods, the model specifications and assumptions for its performance, and how to test each of
the hypotheses posed in this study, along with limitations and other methodological
considerations. A prospective, two-level, longitudinal study design was employed to analyze
potential ER Utilization disparities among RHC Medicare Patients in R4.Generalized Linear
Mixed Models were constructed from Medicare data files, and analyzed by Binary Logistic
Regression in SPSS for each year. The predictive factors were then compared and controlled
across the 3 year observation period on two-levels—both patient and clinic.
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CHAPTER FIVE: FINDINGS
Introduction
This study investigated the variation of ER utilization associated with race, ethnicity, and dual
eligibility on the individual level; and rurality (or place of residence) and RHC type on the
contextual level; moreover, these factors were specifically related to the environmental- and
organizational-contexts, respectively, for the years 2010 to 2012. In this chapter, the first section
presents descriptive analyses. The second section presents null model information for each year.
The third section presents the yearly final adjusted models. The fourth section presents the
hypotheses test results, and concludes with a summary of the findings.

Descriptive Analyses
Units of analysis and their levels
The total number of RHC Medicare Patient Beneficiaries was n = 103,025, which was
defined as the first (1), or primary, level of analysis: the individual level. The total number of
RHCs were 566 for all years combined on the second (2) level of analysis: the clinic or
organizational level. There were 559 clinics present in the data for year 1, 2010; 549 clinics
present in the data for year 2, 2011; and 539 clinics present in the data for year 3, 2012. Each
patient was linked to a clinic based on the number of visits the patient had at a particular clinic
for each year. The level 1 and 2 units of analysis are presented in Table 1. Level 1 & 2 Units of
Analysis. No missing data were observed. The data and study design allowed for a cohort of
103,025 Medicare RHC patients out of 252,626 total Medicare RHC patients in R4 to be
included in the overall sample (n = 41%).
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Table 5: Level 1 & 2 Units of Analysis

Units of Analysis
Level 1: Patient
Level 2: Clinic

Year
2011
(n)
103025
549

2010
(n)
103025
559

2012
(n)
103025
539

The Dependent Variable
This study was concerned with one dependent variable: the number of Emergency Room
Visits (ERVs) that were recorded in both the Inpatient and Outpatient Medicare Master
Beneficiary Summary Files (MBSF). Regarding ERVs of the prospective patient group under
study, the total number of ERVs was 128,989 across all three years combined. There were
40,286 ERVs in 2010; there was an increase overall in total ERVs in 2011 to 47,258; and there
was a decrease in total ERVs in 2012 to 41,445, shown in Table 5.2. To reiterate, this study’s
prospective design begins with RHC Medicare patients who did not use ER services in the
previous year prior to the start of the 3-year observation period, 2010 through 2012. RHC
Medicare patients who previously had ER visits in 2009 were removed from the study sample.

The Independent Variables and their potential influence on ERVs
The independent or predictors variables were those identified as potentially having
important causes or contributing factors in terms of disparities or differences in ER utilization.
The rationale for these independent variables as potential predictors are discussed extensively in
Chapter 2, the Literature Review, and Chapter 3, the Theoretical Framework. The fundamental
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questions of this research were to assess the variation in ER utilization that could potentially be
influenced by race or ethnicity, dual eligibility, area of rurality, and clinic type.
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Table 6: Variable descriptive statistics of the three (3) observation years in the Multilevel
Models

Variables
ER Visits (DV)
Race/ Ethnicity
White*
Black
Hispanic
Asian
Native American
Eligibility Status
Non-Dual Eligible*
Dual Eligible
Rurality
Large Rural City*
Small Rural Town
Isolated Small
Town
Urban
Clinic Type
Independent*
Provider-based
Age (Stratified)
65-74*
75-84
85-94
95 ≤
CCI (Stratified)
Score: 0*
Score: 1
Score: 2
Score: 3 ≤
Clinic Size
(Stratified)
Large*
Medium
Small
Gender
Male*
Female

Year 1 (2010)

Year 2 (2011)

Year 3 (2012)

(n)
40286

Mean
34.2%

(n)
47258

Mean
38.7%

(n)
41445

Mean
35.0%

84607
17417
218
173
152

82.1
16.9
.2
.2
.1

84606
17420
220
174
153

82.1
16.9
.2
.2
.1

84605
17420
221
175
153

82.1
16.9
.2
.2
.1

77984
25041

75.7
24.3

77131
25894

74.9
25.1

76688
26337

74.4
25.6

28160
30831

27.3
29.9

28183
30863

27.4
30.0

28050
30689

27.2
29.8

25139

24.4

25181

24.4

25063

24.3

18717

18.2

18725

18.2

19134

18.6

71386
31639

69.3
30.7

71382
31643

69.3
30.7

71322
31703

69.2
30.8

57663
34385
10271
706

56.0
33.4
10.0
.7

52856
36862
12300
1007

51.3
35.8
11.9
1.0

47794
39267
14606
1358

46.4
38.1
14.2
1.3

84974
7295
8433
2323

82.5
7.1
8.2
2.3

68638
12285
13939
8163

66.6
11.9
13.5
7.9

58792
14738
16450
13045

57.1
14.3
16.0
12.7

23388
31754
35521

22.7
30.8
34.5

23520
32296
34319

22.8
31.3
33.3

24026
29626
33278

23.3
28.8
32.3

38876
64149

37.7
62.3

38877
64148

37.7
62.3

38877
64148

37.7
62.3

*Ref er enc e G r oup
( n) = num ber in s am ple
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Table 5.2 presents the descriptive statistics related to variables used in Multilevel
Modeling for each of the three (3) years of observation. Racial and ethnic categorical group
mean percentages combined for all years were: White 82.1%, Black 16.9%, Hispanic 0.2%,
Asian 0.2%, and Native American 0.1% (also “Other” 0.4% and “Unknown” 0.1%). There were
very few changes in beneficiary race codes between 2010 and 2012 (+/- 3 total patient
beneficiaries across the three year period); these changes were accounted for within each model
analyzed.
Dual eligibility status categorical group mean percentages combined for all years were:
Dual Eligibles 25% and Non-dual Eligibles 75%. There were small changes (+/-1.3%) in dual
eligibility status between 2010 and 2012; these changes were accounted for within each model
analyzed.
In terms of rurality, the categorical group mean percentages combined for all years were:
Large Rural City 27.3%, Small Rural Town 29.9%, and Isolated Small Town 24.4% (also Urban
18.3%, however this category was not examined as it was not a relevant focus of this research).
There were small changes (+/-0.4%) in rurality between 2010 and 2012; these changes were
accounted for within each model analyzed. Additionally, in terms of data, there was a total of
340 cases missing across the three year observation window (percent loss of 0.1%).
Clinic Type categorical group mean percentages combined for all years were:
Independent RHCs 69.3% and Provider-based RHCs 30.7%. There was relatively small change
(+/-0.1%) in RHC type between 2010 and 2012; however, there was a slight increase in
Provider-based RHCs from 2010 into 2012 (64 clinics by numeric count); these changes were
accounted for within all models analyzed.
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The Control Variables and potential influence on other predictors and ERVs
In terms of Age, the total number of RHC Medicare Patient beneficiaries mean
percentages combined for all years were: Ages 65-74: 51.2%, Ages 75-84: 35.8%, Ages 85-94:
12.0%, and Ages 95 ≤: 1.0%. Control Variables. Age and ER use had a positive linear increase
across the three years; therefore, Age was controlled in the models as participants aged. In terms
of Gender, the total number of RHC Medicare Patient Beneficiaries mean percentages combined
for all years were: male (or men) 37.7% and female (or women) 62.3%. Gender remained fixed
or static across all years with exception of 1 case; this case perhaps was merely a data anomaly.
Gender as category was not examined as it was not a relevant focus of this research and was only
considered when relevant as a potential confounding factor. In terms of the Charlson
Comorbidity Index (CCI), the group mean percentages combined for all years were: Score of 0
(zero) 68.7%, Score of 1 (one) 11.1%, Score of 2 (two) 12.6% and Score of 3 (three) or higher
7.6%; however, the CCI scores, by numeric count and percentage, varied widely across all three
years, with a positive exponential curve increase over time among the aging cohort. In terms of
clinic size, the mean percentages combined for all years were: Large clinics 23%, Medium or
Mid-sized clinics 30.3%, and Small clinics 33.4%. There were changes (+/-2.5%) in clinic size
between 2010 and 2012. Additionally, in terms of data, there was a total of 41,347 cases missing
across the three year observation window (percentage loss: 13.4%). Clinic size was the variable
with most substantial amount of missing cases; however, complete cases averaged 86.6%;
moreover, clinic size was not found to be a significant predictor on ER utilization, given the data
collected and analyzed. All confounding variable changes were accounted for within each model
analyzed for each year in the observation period.
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Null Models for Years 1, 2, & 3
For the yearly null models, ICC was calculated and suggests that about 3.6%, 4.0%, and
5.6%, respectively for years 1, 2, and 3, of the variability in ER utilization lies between RHCs.
Given that there is some degree variability between RHCs in the likelihood for patient’s to use
ER services, a multilevel was developed to explain this degree of variability within the models.
After checking that assumptions were adequately met, the initial yearly models were analyzed
without any other predictors. The following Tables, 5.3 and 5.4, report the null model results for
year 1 (2010), year 2 (2011), and year 3 (2012). According to Heck, Thomas, and Tabata (2012),
the estimated intercepts of the null models are considered fixed components, and the betweengroup variation in intercepts are considered the random effect. This information about the initial
parameters of these yearly models can be useful in examining the baseline (no predictors) model
for each year with two estimated parameters against subsequent models with added predictors
and more estimated parameters for each year in the observational window. This is the summary
of the two-level null model reports from the Generalized Linear Mixed Models procedure for
each year:
Table 7: Estimates of Fixed Coefficients

Null
Model

Std.

95% Confidence

95% Confidence Interval

Interval

for Exp(Coefficient)

Intercepts

Coefficient

Error

t

Sig.

Lower

Y1, 2010

-.624

.0177

-35.324

.000

-.658

-.589

.536

.518

.555

Y2, 2011

-.443

.0182

-24.359

.000

-.479

-.407

.642

.620

.665

Y3, 2012

-.589

.0214

-27.491

.000

-.630

-.547

.555

.532

.579

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT

98

Upper

Exp(Coefficient)

Lower

Upper

Table 8: Estimates of Covariance Parameters

95% Confidence Interval

Null Model
Random Effect Covariance

Estimate

Std. Error

Z

Sig.

Lower

Upper

Y1, 2010 Var (Intercept)

.122

.011

11.549

.000

.103

.145

Y2, 2011 Var (Intercept)

.134

.011

11.996

.000

.114

.157

Y3, 2012 Var (Intercept)

.195

.015

12.881

.000

.167

.227

Covariance Structure: Variance components
Subject Specification: RHC (CL_IDRC)

In terms of SPSS classification output, the “Overall Percent Correct” for each model year
was 66.2% for 2010, 62.3% for 2011, and 65.7% for 2012. Full SPSS result outputs for the
yearly null models can be referenced in Appendix A. To reiterate, there are no clear equivalent
analogues to R, R-square, and pseudo-R-square available for MLM in SPSS; several pseudo Rsquare measures are provided in IBM SPSS for single-level logistic regression, however there
are none currently available for GENLIN MIXED procedures (Heck, Thomas & Tabata, 2012 &
2013; Hox 2010). The models were estimated using maximum likelihood (ML) estimation.

Adjusted Final Models for Years 1, 2, & 3
In terms of multilevel modeling fit considerations, the adjusted models and null models
were compared to determine goodness of fit; however, as Hox (2010) and Heck, Thomas, and
Tabata (2012) point out, multilevel estimation procedures specifically with categorical outcomes
are only approximations. Additionally, examining individual parameters and residuals can help
to detect where model misfit may occur (Heck, Thomas, Tabata, 2012). Moreover, Heck,
Thomas, and Tabata (2012, pp. 21) point out “intraclass correlation coefficient (ICC), which
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describes the portion of variability in outcomes that lies between groups compared to the total
variability, cannot be directly calculated [for models with categorical outcomes] in a manner
similar to multilevel models with continuous outcomes.” However, ICC between clinics can be
calculated from SPSS output results based on the random effects intercept reported, provided in
Appendix A.
Some suggest interpreting the ICC as a means of determining whether MLM is
appropriate or whether standard single-level regression would be sufficient (e.g., Lee, 2000). For
instance, if there is a small amount of dependence on second-level grouping, then the
independence of observations assumption of single-level regression may not be violated, and
thus single-level regression may be an appropriate technique. Conversely, as Roberts (2007)
asserts that small ICCs may not necessarily warrant abandoning MLM, given that additional
dependence can arise after including other predictors as factors within the overall model. The
ICC, therefore, should be an initial indicator of the appropriateness of MLM; however, small
values should not immediately rule out MLM’s use as a statistical procedure (Anderson, 2012).
Again, for the yearly null models, ICC was calculated and suggests that about 3.6%,
4.0%, and 5.6%, respectively for years 1, 2, and 3, of the variability in ER utilization lies
between RHCs. Given that there is some degree variability between RHCs in the likelihood for
patient’s to use ER services, a multilevel was developed to explain this degree of variability
within the models. For the Race and Ethnicity Final Adjusted Models (A), ICC was calculated
and suggests that about 3.2%, 3.5%, and 5.4%, respectively for years 1, 2, and 3, of the
variability in ER utilization lies between RHCs. For the Dual Eligibility and RHC Type Final
Adjusted Models (B), ICC was calculated and suggests that about 2.5%, 2.7%, and 4.2%,
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respectively for years 1, 2, and 3, of the variability in ER utilization lies between RHCs, a table
of ICC comparison by model can be referenced in Appendix A.
Table 5.5 presents the SPSS multilevel model results on ER Utilization as related to the
independent variable groupings for each of the three (3) years of observation. In terms of race
and ethnicity, Black RHC Medicare beneficiary patients are more likely to utilize ER services
compared to the White reference group. Significant variation between the Hispanic group of
RHC Medicare beneficiary patients and the White reference group was not detected. Dual
eligible RHC Medicare beneficiary patients are more likely to utilize ER services compared to
the reference group of non-dual eligible, Medicare beneficiary only, RHC patients. Rural Area
Variation (place of residence) was not supported to vary to a statistically significant degree in the
one predictor factor model in terms of its possible association with ER utilization; therefore, it is
unlikely that detecting any variation would be improved with the addition of other model
predictors. Provider-based RHC Medicare beneficiary patients were more likely to utilize ER
services compared to the reference group of Independent RHC Medicare beneficiary patients.
To reiterate, in terms of model goodness of fit, Hox (2010) and Heck, Thomas, Tabata
(2012) caution that comparative estimate solutions for test statistics based on deviance (-2LL)
are simply approximations and are not very accurate. Moreover, the examination of change in the
-2 pseudolikelihood between models is possible; however, meaningful interpretation of these
coefficient deviances are tenuous at best due to differentials in the data transformation, which are
employed across models (Heck, Thomas, Tabata, 2012). The -2 pseudolikelihood numbers are
reported in Appendix A; however, meaningful interpretation of these numbers are relative and
limited to generalization in terms of any actual degree of difference between the models.
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In terms of testing for significant cross-level and two-way interactions, none were present
within the models analyzed. Moreover, clinic size, rural area variation, and gender as predictor,
or mediating, variables were not found to have any statistical significance (alpha less than or
equal to .05) in the models; therefore, in the final adjusted models these predictors were removed.
Moveover, variability between RHCs was found to be relatively small, ranging from 2.5% to
5.6% within the null and final models. The next section presents the hypotheses test results and
relation to the findings of the multilevel model analyses.
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Table 9: Multilevel model results on ER Utilization as related to the independent variable
groupings for each of the three (3) years of observation.
Observation Year
2010 (Year 1)
2011 (Year 2)
Sig.
Exp (β)
Sig.
Exp (β)
Research Question Hypothesis 1 – Race & Ethnicity

2012 (Year 3)
Sig.
Exp (β)

Blacka

*.000

1.184

*.000

1.197

*.000

1.342

Hispanica

.081

1.330

.329

1.179

.439

1.138

0

.

0

.

0

.

Independent
Variable Groupings

Whitea,c

Research Question Hypothesis 2 – Dual Eligibility (as a proxy of SES)
Dual Eligibleb

*.000

1.767

*.000

1.795

*.000

1.664

0

.

0

.

0

.

Non-dual Eligibleb,c

Research Question Hypothesis 3 – Rural Area Variation (Patient Place of Residence)
Isolated Rural Townd

.838

.993

.418

1.031

.304

1.042

Small Rural Townd

.793

.990

.481

.977

.482

1.026

Large Rural Cityc,d

0

.

0

.

0

.

1.199

*.000

1.380

.

0

.

Research Question Hypothesis 4 – RHC Type
Provider-based
*.000
1.192
*.000
RHCb
Independent RHCb,c

0

.

0

a. Race & Ethnicity Final Adjusted Model results; risk-adjusted for Age and CCI.
b. Dual Eligibility & RHC Type Final Adjusted Model results; risk-adjusted for Race,
Ethnicity, Age, and CCI.
c. Reference group
d. Rural Area Variation and ER Use Only (Rural Area Variation was not supported to
vary to a statistically significant degree in the one predictor factor model in terms of ER
use).
* α: alpha = 0.05 or less = statistically significant, (CI=95%).
Note: Clinic Size was not included in the models as it was found to not be statistically
significant, based on pre-established parameters. Gender was not included in the models as
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it outside the scope of the research questions of this study, and had little to no statistically
significant effect.

Test Results of Research Question Hypotheses
The section presents the test results of research question hypotheses as related to the
findings of the multilevel model analyses conducted in SPSS. In terms of testing for significant
cross-level and two-way interactions, none were present within the models analyzed. Moreover,
clinic size, rural area variation, and gender as predictor, or mediating, variables were not found
to have any statistical significance (alpha less than or equal to .05) in the models; therefore, in
the final adjusted models these predictors were removed.
In terms of race and ethnicity, Black RHC Medicare beneficiary patients are more likely
to utilize ER services compared to the White reference group. Dual eligible RHC Medicare
beneficiary patients are more likely to utilize ER services compared to the reference group of
non-dual eligible, Medicare beneficiary only, RHC patients. Rural Area Variation (place of
residence) was not supported to vary to a statistically significant degree in the one predictor
factor model in terms of its possible association with ER utilization; therefore, it is unlikely that
detecting any variation would be improved with the addition of other model predictors. Finally, it
was also not supported by the data results that Provider-based RHCs are more likely to have
lower levels of ER utilization than independent clinics, irrespective of other predictor variables.
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Individual-level Predictors
1) Is variation in ER utilization associated with race or ethnicity?
H1: Black and Hispanic Medicare RHC patients age 65 and over are more likely to utilize ER
services compared to their White counterparts.
Supported

Figure 4: Black RHC Medicare Patient ER Use Compared to the Reference Group (White)
in R4, 2010-2012
Figure 5.1 reports the percentages above the White reference group of the increased
likelihood that Black RHC Medicare patients utilized ER services in 2010, 2011, and 2012,
respectively. Black RHC Medicare patients utilized ER services at increased rates of 18%, 20%,
and 34% respectively above that of the White reference group.
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2) Is variation in ER utilization associated with dual eligibility?
H2: Medicare RHC patients age 65 and over with dual eligibility are more likely to utilize ER
services compared to non-dual eligible patients.
Supported

Figure 5: Dual Eligible Medicare Patient ER Use Compared to Medicare Only Patients in
R4, 2010-2012
Figure 5.2 reports the percentages above the non-dual eligible, Medicare only reference
group of the increased likelihood that Dual Medicare and Medicaid Eligible RHC patients
utilized ER services in 2010, 2011, and 2012, respectively. Dual Eligible RHC patients utilized
ER services at increased rates of 77%, 80%, and 66% respectively above that of the non-dual
eligible, Medicare only reference group.
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Contextual-level (Environmental & Organizational) Predictors
3) Is variation in ER utilization associated with the area of rurality?
H3: Medicare RHC patients age 65 and over residing in areas with higher levels of rurality are
less likely to utilize ER services compared to their counterparts residing in areas with lower
levels of rurality.
Not Supported
This study failed to reject the null hypothesis in terms of rural area variation or patient
place of residence. ER utilize was relatively consistence across the rural area categories.

4) Is variation in ER utilization associated with clinic type, either provider-based or independent?
H4: Provider-based clinics are more likely to have lower levels of ER utilization than
independent clinics, irrespective of other predictor variables.
Not Supported
This study failed to reject the null directional hypothesis in terms of RHC type.
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Summary
In terms of Race and Ethnic differences, when controlling for age and comorbidities,
Black, RHC Medicare beneficiary patients vary to a statistically significant degree. Moreover,
Dual Eligibility was a statistically significant factor even in the presence of all other predictors.
Differences in rural area variation (patient place of residence) as an environmental contextual
factor was not supported; and this study failed to reject the null hypothesis. Moreover, the
assertion that integrated, Provider-based RHCs, as a clinic type and an organizational contextual
factor, are more likely to have lower levels of ER utilization, was not supported directionally;
and this study failed to reject the null hypothesis, based upon the data report results.
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CHAPTER SIX: CONCLUSION
Introduction
In this chapter, the findings of the research are discussed and summarized. The first
section presents a discussion and interpretation of the findings. The second section provides
theoretical, policy and practical implications of the findings. The third section addresses the
conceptual, methodological, and practical limitations of the study. The fourth section identifies
and discusses areas of future research. The fifth and final section summarizes the study’s
conclusion.

Discussion of Findings
Findings indicate that dual eligibility, as proxy measure of low SES, and race continue to
have an influence on ER utilization and possibly the health status of those potentially more
vulnerable beneficiaries. Moreover, in terms of inferring whether either dual eligibility or race
has a greater degree of impact as a predictor or factor, when also controlling for age and
comorbidities, there seems to be a “crowd out” effect on race and ethnicity as a predictor
variable, in the presence of other significant factors, such as dual eligibility. Dual eligibility was
a statistically significant factor even in the presence of all other predictors.
This ties in and supports the current literature on dual eligible patients as people receiving
both Medicare and Medicaid benefits have been and continue to be the subject of extensive
policy interest because of their poor health, complex care needs, and high costs (Riley et al.,
2014). Research by Reichard and Fox (2013) support that dual eligibility status is an indicator of
living at or below the federal poverty level. As far back as 1980, Okada and Wan found that low109

income persons without access to neighborhood health clinics in four cities were more likely to
use ERs services as means of accessing primary healthcare. In 1989, Wan also found that some
dual eligibles had longer hospital stays, this collective research on health care utilization
underscores the longstanding persistence of this health disparity associated with dual eligible
patients. However, in the literature, the linkage between dual Medicare and Medicaid insurance
eligibility and ER utilization was not greatly researched or documented. This study contributes
specific knowledge on the persistence of ER utilization disparities associated with dual eligible
beneficiary patients. Based on the findings of this study, dual eligible patients are more likely to
utilize emergency room (ER) services compared to non-dual eligible, Medicare only beneficiary
patients. Yip et al. (2007) point out that this phenomenon may be due to chronic lifetime stress
which may contribute to overall poorer health and health outcomes among dual eligible patients.
Therefore, the literature and evidence support that these beneficiaries more likely to have lower
socioeconomic status and may be more likely to face greater overall health disparities due to
poverty, and also an increased allostatic load to due chronic life stress.
To reiterate, differences in rural area variation (patient place of residence) as an
environmental contextual factor was not supported; and this study failed to reject the null
hypothesis. Moreover, the assertion that integrated, provider-based RHCs, as a clinic type and an
organizational contextual factor, are more likely to have lower levels of ER utilization, was not
supported directionally; and this study failed to reject the null hypothesis. The results reported
that provider-based clinics actually have statistically significant higher likelihoods of utilizing
ER services compared to independent clinics, increased incidence rates of 19% for 2010, 20%
for 2011, and 38% for 2012, respectively. However, upon reviewing the regulatory criteria for
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provider-based RHCs, there is practical geographic explanation as to why these provider-based
clinics have higher rates of ER utilization above their independent counterparts. Per 42 CFR §
413.65 (2000), on the requirements for a determination that a facility or an organization has
provider-based status, provider- or hospital-based RHCs must be located within a 35-mile radius
of the campus of the hospital or CAH that is the potential main provider, unless special
provisional criteria are met or are otherwise granted by CMS.

Implications of Findings
Koh et al. (2010) reviewed the scope, definitions, and framing of health disparities and
explored local, national, and global programs that address specific health disparities. They found
that health disparities which are prevalent require comprehensive approaches in research, policy
and practice in order to decrease their effects on vulnerable patients. An overarching idea that
ties theory to policy as well as in practice is the concept of continually monitoring health
disparities in the future. Monitoring health and care utilization disparities could be a vital tool in
supplying evidence-based research to policymakers and practitioners alike for potential
improvements in terms of health outcomes in disparate, vulnerable, and underserved patient
groups and sub-populations, and also in terms of optimizing standards and best practices in
health care organizations.

Theoretical & Methodological Implications
By understanding and identifying health disparities related to ER utilization, the
opportunity exists to decrease health disparities in future research and practice through specified,
targeted studies and interventions of underserved and vulnerable patients. Theoretically,
111

understanding and detecting health disparities related to ER use may optimally improve the lives
of seniors and the delivery of health care. Adler and Stewart (2010) note that emerging
conceptual frameworks coupled with more sophisticated methodological techniques are now
allowing for increasingly detailed and more nuanced explorations into the realities of health
disparities. Contextually and conceptually, the presence of increased health care utilization
implies that there may be poorer and more disparate health care outcomes among vulnerable or
underserved patient groups. Kilbourne et al. (2006) argue that defining health disparities in care
is an essential step in building a framework for researchers who are interested in the detection of
disparities. Detection is a key theoretical step in terms of knowing what stakeholder policies to
adopt, based on what the actual health disparities are.
Additionally, in terms of methodological implications, this study’s prospective design
begins with RHC Medicare patients who did not use ER services in the previous year prior to the
start of the 3-year observation period, 2010 through 2012. RHC Medicare patients who
previously had ER visits in 2009 were removed from the study sample. By removing frequent
ER users from the sample, noise between the predictor variables and ER utilization, as the
variable under investigation, is lessened or decreased, which allows for the signal between the
predictor variable and outcome variable to be more clearly identifiable, if indeed an association
is present. Again, in the use of multilevel modeling, one gains an advantage in examining
statistical interactions of two-level predictors in terms of two-way variable and cross-level
interactions, which may be present.
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Policy Implications
Increasingly, health care leaders and policymakers are seeking evidence-based
performance measures as tools for detecting gaps in health care and using those subsequent
findings as leverage to implement policy change for the purpose of increasing health care
delivery performance system-wide while lowering health disparities across various patient
populations. In communicating and disseminating the findings of this study, it contributes to the
body of knowledge and enables policy leaders to better make decisions based on empirical
evidence in order to strengthen the health care delivery system for older adults in diverse rural
contexts. From a health and public affairs policy perspective, crafting in tandem targeted, topdown, population health and bottom-up, community interventions to curb poor health outcomes
and health care utilization would be in the public interest at-large within this region of the
Southeastern United States.
As Braveman (2006) points out, in terms of access, outcomes, or utilization, the way in
which one defines “health disparities” or “health inequities” can have important policy
implications with practical consequences. Other potentially disparate groups should be
considered when policy is being determined, such as, those who are under-employed or those
who do not earn a living wage, those who are at, below, or slightly above the poverty line, other
disenfranchised racial, ethnic, and LGBTQ minorities, those without adequate access to basic
healthcare services and providers, the terminally ill, elderly seniors on low-fixed incomes, those
in geographic disparate locations (rural, urban, possibly even sub-urban areas), or among other
groups with persistent or widening disparities. Evidenced-based research can guide leaders and
decision-makers though the policy process by supporting which disparities may be most dire and
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in what areas need greater attention. With finite resources and an almost limitless number of
disparate groups, or sub-population—for lack of more precisely defined terms, it is imperative
that evidence-based research be employed to substantiate health and public policy-related
decisions on health disparities and implementing priorities in practice.

Practical Implications
Defining, and prioritizing health disparities, whether access-, outcome-, or utilizationrelated, determine not only which measurements are monitored by international organizations,
national, regional, state, sub-regional, and local governments, but also which activities will
receive support from resources allocated to address health disparities, inequalities, and/ or
inequities, however labeled (Braveman,2006). Determining the resource priorities in the policy
process will typically determine the practical implementation of the successfully funded
programs, which are then established to address the prioritized health disparities of greatest
severity and those who are in the greatest need. Again, ideally, evidence-based research will
steer and guide these decisions. Warnecke et al. (2008) further assert that public health policies
and resources dedicated to optimizing service delivery must be a primary focus of any attempts
to ameliorate disparities in health.
From a practical and applicable standpoint, understanding and detecting health disparities
related to ER use may optimally improve the lives of seniors and the delivery of health care, if
proper policy is adopted and implemented in practice. Examples of practical implementation
plans are targeted community interventions and 24-hour, seven-day-a-week, primary care clinics
should in strategic areas where underserved patients are located. Additionally, telemedicine and
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mobile remote clinics could be further developed to meet patient care needs, when limited
resources are always a constraining factor.
In terms of increased ER users, IOM (2001) suggests that the identification of high
incidence rate user profiles be discerned; this study’s findings support that dual eligible and
Black RHC Medicare beneficiary patients are more likely to consume ER services and resources.
Moreover, dually eligible, Black RHC Medicare beneficiary patients in Region 4 are twice as
likely to utilize ER services. This suggest that from both a policy and practical standpoint
establishing targeted community health intervention programs would be highly warranted and
advisable in order to decrease high incidence rates of ER utilization. Other interventions should
include alternative 24 hour, seven day a week clinic care services, which could cost-effectively
help to shoulder the burden of care for vulnerable and high-utilization patients.

Limitations of the Study
Several limitations existed in terms of undertaking this study; however, an emergence of
critical, substantive data and information on the changing landscape of rural health and
disparities for exploration arose. One issue may be that the study design was not an experimental
design, which may have limited its ability to compare the findings to a control group of patients.
However, the benefit of this research was to understand RHC Medicare beneficiary patient ER
utilization in the observational period of this study, from 2010 through 2012. To that end, this
study does offer valuable insights on the trends in health disparities during the years examined.
Another consideration would be that in terms of using secondary data, there is a limit on
the construction of variables which are actually feasible in terms of linking data together for the

115

purpose of analysis. There was also the issue of missing data in the secondary files obtained from
CMS. These issues are ever-present when working with secondary data, along with issues related
to merging datasets, which may have changed over the course of the collection years. However,
these issues were relatively minor in the course of this investigation.
Other issues related to data linkage may exist as well. For example, confounding control
variables of RHC characteristics and patient demographics that can be tied to the patient
beneficiary unit of analysis in the sample of this study were controlled; however, there may be
variables related to RHC and patient characteristics that cannot be accounted for or tied to
patients in the sample under investigation. If or when this occurs, it may be difficult to adjust or
control for patient- and RHC-level mediating or confounding variable effects on predictor and
dependent variables in this study. To compensate for missing data, the study design was adjusted
as needed. Nonetheless, other factors, such as education and more precise measures of income
and place of residence, which may have been included in the multilevel modeling estimates may
indeed yield more accurate results. However, there are limits to most data collection endeavors.
Moreover, questions also arise in terms of the accuracy of the actual data collected within
secondary sources, such as where a beneficiary resides based on the reported postal mailing zip
code may not be the place where an individual receives care or actually even lives. These
variations in terms of where beneficiaries actually reside and even where their RHC is located
may have not accurately be reflected in the beneficiary zip codes contained within the dataset.
These potential zip code inaccuracies, which may have been inherent in the data, may have
possibly skewed the analytical results and affected the representativeness of the sample under
investigation in this research study.
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Generalizability from region to region may also be another potential area of concern. In
term of generalizability outside of DHHS Region 4, issues related to making inferences in terms
of other regions may be merely speculatively at best. In terms of generalizing to the entire U.S.,
Region 4 may not be representative in terms of demographic characteristics and other contextual
factors; therefore, it would be difficult, or perhaps albeit impossible, to generalize the findings of
this study to the U.S. as a whole or other areas or regions of the country.
Additionally, another limitation of this study would be that only observations of the
sample cohort contained in the prospective data observation window of 36 months were
analyzed, information outside this timeframe was not captured. Moreover, confounding variables
which could not be accounted for within the parameters and feasibility of this study could not be
factored. Missing data was not factored in the dataset. Carefully consideration was given in terms
of exactly why data was missing to appropriately fit the model and treat that loss of information
in this study. However, the prospective design of this study mitigated data loss in the sample as
only variable, RHC size, was missing no more than 13.4%. This variable also resulted in no
confounding influence over the predictor variables in question. Multilevel modeling, as an
advanced statistical technique, is well equipment to handle the minimal amount of data that was
missing in the data.
However, for limitation discussion purposes regarding IBM SPSS software, one approach
for the treatment of missing data is that one may assume the data is missing completely at
random (MCAR), discussed in a taxonomy devised by Rubin (1976). Pickles (2005) phrased the
condition slightly different by stating that for MCAR the probability of ‘missing-ness’ can be
considered constant. Any observation of a variable is as likely to be missing as any other

117

observation. If data is missing, this is an ideal instance because treating the existing data would
not lead to estimated parameter bias. However, this treatment approach may lead to a loss of
power (Howell, 2007).
Methodologically, notes that
Little (1998) has provided a statistical test of the MCAR assumption. His MCAR test is a
chi-square test. A significant value indicates that the data are not MCAR. This test is
provided in the SPSS Missing Values Analysis (MVA), which is not part of the base
system, and should be applied whenever there is some question about MCAR. SAS also
includes this test in PROC MI. (Howell, 2007, pp. 3)
Howell (2007) further notes that the reasons for missing data plays an essential role as to how
those data should be ultimately be treated. This is noted as a limitation of the basic IBM SPSS
software package, which was used to conduct this analysis on double-locked, stand -alone
computer in the Rural Health Research Group Office in the UCF Research Park. However, in
future research studies, more advanced and robust IBM SPSS add-on features and other
statistical software packages can be procured and used to analyze these types of complex and
rather large datasets. Advances in technical software packages can be employed to better fine
tune and enhance the quality and specificity of findings in the future.
Finally, another limitation of this study to note is that for Hispanics, Asians, and Native
Americans: their numbers for each group both by count and percent were typically less than 200
and 0.2%, respectively, in terms of sample size; therefore, drawing conclusions from the study
findings should be made with caution as these small sample sizes may render any meaningful
comparative interpretation inconclusive at best.
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Future Research
By understanding and identifying health disparities related to ER utilization, the
opportunity exists to decrease health disparities in future research and practice through specified,
targeted studies and interventions of underserved and vulnerable patients. More robust, ongoing,
systems and multi-level, longitudinal approaches to research and analytical modeling should be
developed to detect possible health disparities that require alleviations among vulnerable and
underserved groups within the population. An important goal for future research is the ability to
collect and build data sources that can track changes in disparities over time through reasonably
valid and increasingly reliable longitudinal studies. Warnecke et al. (2008) suggest that
researchers utilize trans-disciplinary and collaborative approaches, which combine population
health analytics, clinical best practice models, and scientific inquiry to better unearth the
complex determinants of health disparities.
Moreover, Robert and Ruel (2006) assert that a broader understanding of health
disparities among older adults warrant investigating larger or wider disparities, as well as racial
health disparities, which may possibly exist within rural areas, rather than merely focusing only
on racial disparities within urban and suburban contexts in future research. Moreover, other
potentially disparate groups should be considered for future research investigations; such as,
those who are under-employed or those who do not earn a living wage, those who are at, below,
or slightly above the poverty line, other disenfranchised racial, ethnic, and LGBTQ minorities,
and those without adequate access to basic healthcare services and providers, the terminally ill,
elderly seniors on low-fixed incomes, those in geographic disparate locations (rural, urban,
possibly even sub-urban areas), or among other groups with persistent or widening disparities.
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To reiterate and underscore an important concept from Chapter 2, continually monitoring
health disparities in the future will be essential in supplying evidence-based research to
policymakers and practitioners for the potential improvement of health outcomes in disparate,
vulnerable, and underserved patient populations, and for the optimization of standards and best
practices related to poorer health statuses and outcomes of at-risk groups and subpopulations.
Prevalent health disparities require comprehensive and holistic approaches in terms of research,
policy and practice solutions in order to decrease their effects on vulnerable and at-risk patients.

Conclusion
This study analyzed the individual factors of (a) race/ ethnicity and (b) dual eligibility, as
a proxy measure of socioeconomic status, as well as the environmental factor of (c) place of
residence, and the organizational factor of (d) Rural Health Clinic (RHC) type on emergency
room (ER) department utilization of older adult patients treated by RHCs within the Department
of Health and Human Services’ (DHHS) Region 4 in the Southeastern United States. A
prospective, 2-level, longitudinal study design was employed to analyze potential health
disparities or gaps that may exist among Medicare beneficiary (65+) RHC patients using
longitudinal data and mixed multilevel modeling in SPSS. The years of investigation are 2010
through 2012.
In terms of the theoretical perspective of Health Inequity (Disparity) Theory (HIT), this
study does tend to support that certain socially disadvantaged groups continue to have higher or
increased rates of ER service utilization than their more advantaged reference group counterparts.
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Kilbourne et al. (2006) note that after detecting and understanding these disparities, steps should
be taken to reduce elevated levels of social disadvantage or inequity.
Moreover, in terms of the theoretical perspective of Integrated Network Theory (INT),
this study could not conclude or directly support that integrated networks in these instances have
lower ER utilization rates; however, a plausible explanation for this reality may simple be that
provider- or hospital-based RHCs must be located within a 35-mile radius of the campus of the
hospital or CAH that is the potential main provider, per CMS regulations. Other evidence may
well exist that integrated networks may offer decreased utilization with enhanced quality. Again,
other empirical evidence does support this theoretical idea (Coddington, Moore, & Fischer,
1994; Clement, 1992; Conrad & Shortell, 1996; Lin & Wan, 1999; Wan, Ma, & Lin, 2001).
In terms of Race and Ethnic differences, when controlling for age and comorbidities,
Black RHC Medicare patients vary to a statistically significant degree. However, there seems to
be a “crowd out” effect on race and ethnicity as a predictor variable, in the presence of other
significant factors, such as dual eligibility. Moreover, dual eligibility was a statistical significant
factor even in the presence of all other predictors. Rural area variation or place of residence as an
environmental contextual factor was not supported and this study failed to reject the null
hypothesis. RHC type as an organizational contextual factor as not supported and this study
failed to reject the directional null hypothesis.
Findings indicate that dual eligibility, as proxy measure of low SES, and race continue to
have an influence on ER utilization and possibly the health status of those beneficiaries. From a
policy perspective, crafting interventions to curb poor health status and health care utilization
would be in the public interest at-large within communities in the Southeastern United States.
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This study adds to the body of knowledge on health disparities related to race, ethnicity,
rurality, and socioeconomic status of older adult patients in DHHS Region 4, as well as
examining how RHC type influences ER utilization among clinic patients. This study and its data
provide a vital opportunity to identify and monitor health disparities for specific racial, ethnic,
rural, and low income patients within Region 4. Understanding health disparities related to ER
use may optimally improve the lives of seniors and the delivery of health care. In communicating
the findings, this study may contribute to the ability of policy leaders to make decisions based on
empirical evidence to strengthen the health care delivery system for older adults in diverse rural
contexts.
In terms of increased ER users and key health care policy, IOM (2001) suggests that the
identification of high incidence rate user profiles be discerned; this study’s findings support that
dual eligible and Black RHC Medicare beneficiary patients are more likely to consume ER
services and resources. Moreover, dually eligible, Black RHC Medicare beneficiary patients in
Region 4 are twice as likely to utilize ER services. This suggest that from both a policy and
practical standpoint establishing targeted community health intervention programs would be
highly warranted and advisable in order to decrease high incidence rates of ER utilization. Other
interventions should include alternative 24 hour, seven day a week clinic care services, which
could cost-effectively help to shoulder the burden of care for vulnerable and high-utilization
patients.
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APPENDIX A
Table of ICC percentages
Models
Null
Var(Intercepts) Final A
Final B
ICC Variability Null
Final A
explained at
Level-2
Final B

2010

2011

2012

.122
.110
.086
3.6%
3.2%
2.5%

.134
.119
.092
4.0%
3.5%
2.7%

.195
.187
.146
5.6%
5.4%
4.2%

Table of –2*log likelihood (-2LL) for comparative model fit
Models
–2*log likelihood (-2LL)

Null
Final A
Final B

2010
Log Lik
512438.969
515637.268
517225.663

2011
Log Lik

df1
0
12
14

526186.542
533136.077
534877.972
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df1
0
12
14

2012
Log Lik
516601.058
522595.287
523869.137

df1
0
12
14

Result Analyses – SPSS Outputs
Null Models
Summary Two-level Null Model Report (2010-2012)
Generalized Linear Mixed Models
Estimates of Fixed Coefficients

a

Null
Model

95% Confidence

95% Confidence Interval

Interval

for Exp(Coefficient)

Std.

Intercepts

Coefficient

Error

t

Sig.

Lower

Upper

Exp(Coefficient)

Lower

Upper

Y1, 2010

-.624

.0177

-35.324

.000

-.658

-.589

.536

.518

.555

Y2, 2011

-.443

.0182

-24.359

.000

-.479

-.407

.642

.620

.665

Y3, 2012

-.589

.0214

-27.491

.000

-.630

-.547

.555

.532

.579

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT

Estimates of Covariance Parameters
95% Confidence Interval

Null Model
Random Effect Covariance

Estimate

Std. Error

Z

Sig.

Lower

Upper

Y1, 2010 Intercept

.122

.011

11.549

.000

.103

.145

Y2, 2011 Intercept

.134

.011

11.996

.000

.114

.157

Y3, 2012 Intercept

.195

.015

12.881

.000

.167

.227

Covariance Structure: Variance components
Subject Specification: RHC (CL_IDRC)
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2010 Binary Null Model
Generalized Linear Mixed Models
Case Processing Summary
N
Included

117650

100.0%

0

0.0%

117650

100.0%

Excluded
Total

Percent

Model Summary
Target

ER_VISIT

Probability Distribution

Binomial

Link Function

Logit

Information Criterion

Akaike Corrected

512440.969

Bayesian

512450.645

Information criteria are based on the -2 log likelihood (512438.969) and are used to compare
models. Models with smaller information criterion values fit better.

Classification
a

Overall Percent Correct = 66.2%

Predicted
Observed
1 Yes

0 No

1 Yes

0 No

Count

1905

38381

% within Observed

4.7%

95.3%

Count

1424

75940

% within Observed

1.8%

98.2%

a. Target: ER_VISIT

Fixed Effects
Source
Corrected Model

F
b

a

df1
.

df2
0

Sig.
.

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT
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.

b. The fixed effects include intercept only.

Fixed Coefficients

Model
Term

95% Confidence

95% Confidence Interval

Interval

for Exp(Coefficient)

Std.
Coefficient

Intercept

-.624

Error

t

Sig.
-

.0177

35.324

a

Lower

.000

Upper

-.658

Exp(Coefficient)

-.589

.536

Lower
.518

Upper
.555

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT

Random Effect Covariances

Random Effect Block 1
Random Effect Block

Intercept

Intercept

.122

Covariance Structure: Variance
components
Subject Specification: CL_IDRC

Covariance Parameters

Covariance Parameters Summary
Covariance Parameters

Design Matrix Columns

Residual Effect

0

Random Effects

1

Fixed Effects

1

Random Effects

1

Common Subjects

a

559

Common subjects are based on the subject specifications for the
residual and random effects and are used to chunk the data for better
performance.
a. This is the number of columns per common subject.

Residual Effect
Residual Effect

Estimate

Std. Error

Z

127

Sig.

95% Confidence Interval

Lower
Variance

1.000

.

.

.

Upper
.

.

Covariance Structure: Scaled Identity
Subject Specification: (None)
Random Effect
95% Confidence Interval
Random Effect Covariance

Estimate

Var(Intercept)

Std. Error

.122

.011

Covariance Structure: Variance components
Subject Specification: CL_IDRC
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Z
11.549

Sig.

Lower
.000

Upper
.103

.145

2011 Binary Null Model
Generalized Linear Mixed Models
Case Processing Summary
N
Included

122229

100.0%

0

0.0%

122229

100.0%

Excluded
Total

Percent

Model Summary
Target

ER_VISIT

Probability Distribution

Binomial

Link Function

Logit

Information Criterion

Akaike Corrected

526188.542

Bayesian

526198.256

Information criteria are based on the -2 log likelihood (526186.542) and are used to compare
models. Models with smaller information criterion values fit better.

Classification
a

Overall Percent Correct = 62.3%

Predicted
Observed
1 Yes

0 No

1 Yes

0 No

Count

4556

42702

% within Observed

9.6%

90.4%

Count

3371

71600

% within Observed

4.5%

95.5%

a. Target: ER_VISIT

Fixed Effects
Source
Corrected Model

F
b

a

df1
.

df2
0

Sig.
.

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT
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.

b. The fixed effects include intercept only.

Fixed Coefficients

Model
Term

95% Confidence

95% Confidence Interval

Interval

for Exp(Coefficient)

Std.
Coefficient

Intercept

-.443

Error

t

Sig.
-

.0182

24.359

a

Lower

.000

Upper

-.479

Exp(Coefficient)

-.407

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT

Random Effect Covariances

Random Effect Block 1
Random Effect Block
Intercept

Intercept
.134

Covariance Structure: Variance
components
Subject Specification: CL_IDRC

Covariance Parameters

Covariance Parameters Summary
Covariance Parameters

Design Matrix Columns

Residual Effect

0

Random Effects

1

Fixed Effects

1

Random Effects

1

Common Subjects

a

549

Common subjects are based on the subject specifications for the
residual and random effects and are used to chunk the data for better
performance.
a. This is the number of columns per common subject.
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.642

Lower
.620

Upper
.665

Residual Effect
95% Confidence Interval
Residual Effect

Estimate

Variance

Std. Error

1.000

Z
.

Sig.
.

Lower
.

Upper
.

.

Covariance Structure: Scaled Identity
Subject Specification: (None)

Random Effect
95% Confidence Interval
Random Effect Covariance

Estimate

Var(Intercept)

Std. Error

.134

.011

Covariance Structure: Variance components
Subject Specification: CL_IDRC
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Z
11.996

Sig.

Lower
.000

Upper
.114

.157

2012 Binary Null Model
Generalized Linear Mixed Models
Case Processing Summary
N
Included

118439

100.0%

0

0.0%

118439

100.0%

Excluded
Total

Percent

Model Summary
Target

ER_VISIT

Probability Distribution

Binomial

Link Function

Logit

Information Criterion

Akaike Corrected

516603.058

Bayesian

516612.740

Information criteria are based on the -2 log likelihood (516601.058) and are used to compare
models. Models with smaller information criterion values fit better.
Classification
a

Overall Percent Correct = 65.7%

Predicted
Observed
1 Yes

0 No

1 Yes

0 No

Count

3789

37656

% within Observed

9.1%

90.9%

Count

2986

74008

% within Observed

3.9%

96.1%

a. Target: ER_VISIT

Fixed Effects
Source
Corrected Model

F
b

a

df1
.

df2
0

Sig.
.

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT
b. The fixed effects include intercept only.
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.

Fixed Coefficients

Model
Term

95% Confidence

95% Confidence Interval

Interval

for Exp(Coefficient)

Std.
Coefficient

Intercept

-.589

Error

t

Sig.
-

.0214

27.491

a

Lower

.000

Upper

-.630

Exp(Coefficient)

-.547

Lower

.555

.532

Upper
.579

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT

Random Effect Covariances
Random Effect Block 1
Random Effect Block

Intercept

Intercept

.195

Covariance Structure: Variance
components
Subject Specification: CL_IDRC

Covariance Parameters

Covariance Parameters Summary
Covariance Parameters

Design Matrix Columns

Residual Effect

0

Random Effects

1

Fixed Effects

1

Random Effects

1

Common Subjects

a

539

Common subjects are based on the subject specifications for the
residual and random effects and are used to chunk the data for better
performance.
a. This is the number of columns per common subject.

Residual Effect
95% Confidence Interval
Residual Effect

Estimate

Std. Error

Z

133

Sig.

Lower

Upper

Variance

1.000

.

.

.

.

.

Covariance Structure: Scaled Identity
Subject Specification: (None)

Random Effect
95% Confidence Interval
Random Effect Covariance

Estimate

Var(Intercept)

Std. Error

.195

.015

Covariance Structure: Variance components
Subject Specification: CL_IDRC
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Z
12.881

Sig.

Lower
.000

Upper
.167

.227

Adjusted Models
Two-level Adjusted Final Model Reports for Race & Ethnicity
Generalized Linear Mixed Models – 2010
Case Processing Summary
N
Included

117650

100.0%

0

0.0%

117650

100.0%

Excluded
Total

Percent

Model Summary
Target

ER_VISIT

Probability Distribution

Binomial

Link Function

Logit

Information Criterion

Akaike Corrected

515639.268

Bayesian

515648.943

Information criteria are based on the -2 log likelihood (515637.268) and are used to compare
models. Models with smaller information criterion values fit better.

Data Structure

a

Subjects

Target

CL_IDRC Provider
Number
Data for First Subject

ER_VISIT
1 1 Yes
1 1 Yes
1 0 No
1 0 No
1 0 No
1 1 Yes
1 0 No
1 0 No
1 1 Yes

135

1 1 Yes
Total Number of Levels

559

Only the first 10 records are displayed.

a

a. Target: ER_VISIT
Classification
a

Overall Percent Correct = 67.2%

Predicted
Observed
1 Yes

1 Yes
Count

5454

34832

13.5%

86.5%

Count

3736

73628

% within Observed

4.8%

95.2%

% within Observed
0 No

0 No

a. Target: ER_VISIT

Fixed Effects
Source

F

Corrected Model

a

df1

df2

Sig.

100.096

12

117637

.000

9.264

6

117637

.000

AgeRE

169.522

3

117637

.000

CCI_RE

178.643

3

117637

.000

RaceRC

Probability distribution: Binomial
Link function: Logit

a

a. Target: ER_VISIT
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Fixed Coefficients

a

95% Confidence
Model
Term

Interval

Std.
Coefficient

95% Confidence Interval

Error

t

Sig.

Lower

for Exp(Coefficient)

Exp

Upper

(Coefficient)

Lower

Upper

Intercept

-.911

.0210

-43.410

.000

-.952

-.870

.402

.386

.419

RaceRC=6

-.249

.3032

-.820

.412

-.843

.346

.780

.430

1.413

RaceRC=5

-.201

.1532

-1.312

.190

-.501

.099

.818

.606

1.104

RaceRC=4

.404

.1982

2.039

.041

.016

.793

1.498

1.016

2.209

RaceRC=3

-.358

.2055

-1.742

.081

-.761

.045

.699

.467

1.046

RaceRC=2

.285

.1635

1.746

.081

-.035

.606

1.330

.966

1.833

RaceRC=1

.169

.0274

6.177

.000

.116

.223

1.184

1.122

1.250

RaceRC=0

b

.

.

.

.

.

.

.

.

AgeRE=3

.768

.1051

7.313

.000

.562

.974

2.156

1.755

2.649

AgeRE=2

.622

.0292

21.345

.000

.565

.680

1.864

1.760

1.973

AgeRE=1

.286

.0198

14.399

.000

.247

.324

1.331

1.280

1.383

AgeRE=0

b

.

.

.

.

.

.

.

.

CCI_RE=3

.991

.0474

20.919

.000

.898

1.084

2.694

2.455

2.956

CCI_RE=2

.438

.0333

13.138

.000

.373

.503

1.550

1.452

1.654

CCI_RE=1

.162

.0312

5.203

.000

.101

.223

1.176

1.106

1.250

CCI_RE=0

b

.

.

.

.

.

.

.

.

0

0

0

Probability distribution: Binomial
Link function: Logit

a

a. Target: ER_VISIT
b. This coefficient is set to zero because it is redundant.
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Random Effect Covariances

Random Effect Block 1
Random Effect Block
Intercept

Intercept
.110

139

Covariance Structure: Variance
components
Subject Specification: CL_IDRC

Covariance Parameters

Covariance Parameters Summary
Covariance Parameters

Design Matrix Columns

Residual Effect

0

Random Effects

1

Fixed Effects

16

Random Effects

1

Common Subjects

a

559

Common subjects are based on the subject specifications for the
residual and random effects and are used to chunk the data for better
performance.
a. This is the number of columns per common subject.

Residual Effect
95% Confidence Interval
Residual Effect

Estimate

Variance

Std. Error

1.000

Z
.

Sig.
.

Lower
.

Upper
.

.

Covariance Structure: Scaled Identity
Subject Specification: (None)

Random Effect
95% Confidence Interval
Random Effect Covariance
Var(Intercept)

Estimate

Std. Error

.110

.010

140

Z
11.217

Sig.

Lower
.000

Upper
.092

.131

Covariance Structure: Variance components
Subject Specification: CL_IDRC

Estimated Marginal Means for Top Significant Fixed Effects
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142

143

Generalized Linear Mixed Models – 2011
Case Processing Summary
N
Included

122229

100.0%

0

0.0%

122229

100.0%

Excluded
Total

Percent

Model Summary
Target

ER_VISIT

Probability Distribution

Binomial

Link Function

Logit

Information Criterion

Akaike Corrected

533138.077

Bayesian

533147.790

Information criteria are based on the -2 log likelihood (533136.077) and are used to compare
models. Models with smaller information criterion values fit better.

Data Structure

a

Subjects

Target

CL_IDRC Provider
Number
Data for First Subject

ER_VISIT
1 0 No
1 1 Yes
1 1 Yes
1 1 Yes
1 0 No
1 1 Yes
1 1 Yes
1 1 Yes
1 1 Yes
1 1 Yes

Total Number of Levels
Only the first 10 records are displayed.

549
a
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a. Target: ER_VISIT

Classification
a

Overall Percent Correct = 65.4%

Predicted
Observed
1 Yes

0 No

1 Yes

0 No

Count

14150

33108

% within Observed

29.9%

70.1%

9177

65794

12.2%

87.8%

Count
% within Observed

a. Target: ER_VISIT

Fixed Effects
Source

F

Corrected Model

a

df1

df2

Sig.

190.831

12

122216

.000

12.822

6

122216

.000

AgeRE

129.493

3

122216

.000

CCI_RE

543.654

3

122216

.000

RaceRC

Probability distribution: Binomial
Link function: Logit

a

a. Target: ER_VISIT
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Fixed Coefficients

a

95% Confidence
95% Confidence
Model
Term

Interval

Std.
Coefficient

Intercept

Interval for

Error

t

Sig.

Lower

Exp(Coefficient)

Exp

Upper

(Coefficient)

Lower

Upper

-.905

.0215

-42.042

.000

-.947

-.863

.404

.388

.422

RaceRC=6

.001

.4184

.003

.998

-.819

.821

1.001

.441

2.273

RaceRC=5

-.266

.1409

-1.889

.059

-.542

.010

.766

.581

1.010

RaceRC=4

.479

.1965

2.439

.015

.094

.864

1.615

1.099

2.374

RaceRC=3

-.455

.2276

-2.000

.046

-.901

-.009

.634

.406

.991

RaceRC=2

.164

.1687

.975

.329

-.166

.495

1.179

.847

1.641

RaceRC=1

.180

.0242

7.448

.000

.133

.228

1.197

1.142

1.256

RaceRC=0

b

.

.

.

.

.

.

.

.

AgeRE=3

.548

.0864

6.347

.000

.379

.717

1.730

1.461

2.049

AgeRE=2

.577

.0294

19.606

.000

.519

.635

1.781

1.681

1.886

AgeRE=1

.221

.0199

11.097

.000

.182

.260

1.247

1.199

1.296

AgeRE=0

b

.

.

.

.

.

.

.

.

CCI_RE=3

1.249

.0331

37.707

.000

1.184

1.314

3.487

3.268

3.721

CCI_RE=2

.646

.0245

26.338

.000

.598

.695

1.909

1.819

2.003

CCI_RE=1

.452

.0265

17.048

.000

.400

.504

1.572

1.492

1.656

CCI_RE=0

b

.

.

.

.

.

.

.

.

0

0

0

Probability distribution: Binomial
Link function: Logit

a

a. Target: ER_VISIT
b. This coefficient is set to zero because it is redundant.
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Random Effect Covariances

Random Effect Block 1
Random Effect Block
Intercept

Intercept
.119

148

Covariance Structure: Variance
components
Subject Specification: CL_IDRC

Covariance Parameters

Covariance Parameters Summary
Covariance Parameters

Design Matrix Columns

Residual Effect

0

Random Effects

1

Fixed Effects

16

Random Effects

1

Common Subjects

a

549

Common subjects are based on the subject specifications for the
residual and random effects and are used to chunk the data for better
performance.
a. This is the number of columns per common subject.

Residual Effect
95% Confidence Interval
Residual Effect

Estimate

Variance

Std. Error

1.000

Z
.

Sig.
.

Lower
.

Upper
.

.

Covariance Structure: Scaled Identity
Subject Specification: (None)

Random Effect
95% Confidence Interval
Random Effect Covariance
Var(Intercept)

Estimate

Std. Error

.119

.010

149

Z
11.629

Sig.

Lower
.000

Upper
.100

.141

Covariance Structure: Variance components
Subject Specification: CL_IDRC

Estimated Marginal Means for Top Significant Fixed Effects
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152

Generalized Linear Mixed Models – 2012
Case Processing Summary
N
Included

118439

100.0%

0

0.0%

118439

100.0%

Excluded
Total

Percent

Model Summary
Target

ER_VISIT

Probability Distribution

Binomial

Link Function

Logit

Information Criterion

Akaike Corrected

522597.287

Bayesian

522606.969

Information criteria are based on the -2 log likelihood (522595.287) and are used to compare
models. Models with smaller information criterion values fit better.

Data Structure

a

Subjects

Target

CL_IDRC Provider
Number
Data for First Subject

ER_VISIT
1 0 No
1 0 No
1 1 Yes
1 1 Yes
1 1 Yes
1 1 Yes
1 1 Yes
1 1 Yes
1 1 Yes
1 0 No

Total Number of Levels
Only the first 10 records are displayed.

539
a

a. Target: ER_VISIT
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Classification
a

Overall Percent Correct = 67.8%

Predicted
Observed
1 Yes

1 Yes
Count

9875

31570

23.8%

76.2%

Count

6521

70473

% within Observed

8.5%

91.5%

% within Observed
0 No

0 No

a. Target: ER_VISIT

Fixed Effects
Source

F

Corrected Model

a

df1

df2

Sig.

117.268

12

118426

.000

RaceRC

23.305

6

118426

.000

AgeRE

78.462

3

118426

.000

CCI_RE

306.914

3

118426

.000

Probability distribution: Binomial
Link function: Logit

a

a. Target: ER_VISIT
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Fixed Coefficients

a

95% Confidence
Model
Term
Intercept

Interval

Std.
Coefficient

95% Confidence Interval

Error

t

Sig.

Lower

for Exp(Coefficient)

Exp

Upper

(Coefficient)

Lower

Upper

-1.074

.0262

-41.007

.000

-1.126

-1.023

.342

.324

.360

RaceRC=6

.174

.2794

.622

.534

-.374

.721

1.190

.688

2.057

RaceRC=5

-.340

.1673

-2.031

.042

-.668

-.012

.712

.513

.988

RaceRC=4

.369

.1788

2.061

.039

.018

.719

1.446

1.018

2.052

RaceRC=3

-.387

.2106

-1.839

.066

-.800

.026

.679

.449

1.026

RaceRC=2

.129

.1672

.774

.439

-.198

.457

1.138

.820

1.579

RaceRC=1

.294

.0266

11.074

.000

.242

.346

1.342

1.274

1.414

RaceRC=0

b

.

.

.

.

.

.

.

.

AgeRE=3

.524

.0724

7.245

.000

.383

.666

1.689

1.466

1.947

AgeRE=2

.474

.0313

15.137

.000

.413

.535

1.606

1.511

1.708

AgeRE=1

.161

.0217

7.403

.000

.118

.203

1.174

1.125

1.225

AgeRE=0

b

.

.

.

.

.

.

.

.

CCI_RE=3

1.002

.0360

27.820

.000

.931

1.072

2.723

2.538

2.922

CCI_RE=2

.527

.0241

21.918

.000

.480

.574

1.694

1.616

1.776

CCI_RE=1

.358

.0258

13.852

.000

.307

.409

1.431

1.360

1.505

CCI_RE=0

b

.

.

.

.

.

.

.

.

0

0

0

Probability distribution: Binomial
Link function: Logit

a

a. Target: ER_VISIT
b. This coefficient is set to zero because it is redundant.
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Random Effect Covariances

Random Effect Block 1
Random Effect Block
Intercept

Intercept
.187

157

Covariance Structure: Variance
components
Subject Specification: CL_IDRC

Covariance Parameters

Covariance Parameters Summary
Covariance Parameters

Design Matrix Columns

Residual Effect

0

Random Effects

1

Fixed Effects

16

Random Effects

1

Common Subjects

a

539

Common subjects are based on the subject specifications for the
residual and random effects and are used to chunk the data for better
performance.
a. This is the number of columns per common subject.

Residual Effect
95% Confidence Interval
Residual Effect

Estimate

Variance

Std. Error

1.000

Z
.

Sig.
.

Lower
.

Upper
.

.

Covariance Structure: Scaled Identity
Subject Specification: (None)

Random Effect
95% Confidence Interval
Random Effect Covariance
Var(Intercept)

Estimate

Std. Error

.187

.015

158

Z
12.725

Sig.

Lower
.000

Upper
.160

.218

Covariance Structure: Variance components
Subject Specification: CL_IDRC

Estimated Marginal Means for Top Significant Fixed Effects

159

160

161

Two-level Adjusted Final Model Reports for DE, Rurality, & RHC Type
Generalized Linear Mixed Models – 2010
Adjusted Model 2010
Generalized Linear Mixed Models
Case Processing Summary
N
Included

117650

100.0%

0

0.0%

117650

100.0%

Excluded
Total

Percent

Model Summary
Target

ER_VISIT

Probability Distribution

Binomial

Link Function

Logit

Information Criterion

Akaike Corrected

517227.663

Bayesian

517237.338

Information criteria are based on the -2 log likelihood (517225.663) and are used to compare
models. Models with smaller information criterion values fit better.

Data Structure

a

Subjects

Target

CL_IDRC Provider
Number
Data for First Subject

ER_VISIT
1 1 Yes
1 1 Yes
1 0 No
1 0 No
1 0 No
1 1 Yes

162

1 0 No
1 0 No
1 1 Yes
1 1 Yes
Total Number of Levels

559

Only the first 10 records are displayed.
a. Target: ER_VISIT

Classification
a

Overall Percent Correct = 67.4%

Predicted
Observed
1 Yes

1 Yes
Count

6734

33552

16.7%

83.3%

Count

4798

72566

% within Observed

6.2%

93.8%

% within Observed
0 No

0 No

a. Target: ER_VISIT

Fixed Effects
Source
Corrected Model

F

a

df1

df2

Sig.

111.616

14

117635

.000

2.712

6

117635

.012

480.382

1

117635

.000

Provbsd

25.324

1

117635

.000

AgeRE

149.251

3

117635

.000

CCI_RE

162.897

3

117635

.000

RaceRC
DE

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT

163

164

Fixed Coefficients

a

95% Confidence
Model
Term
Intercept

Interval

Std.
Coefficient
-1.093

95% Confidence Interval

Error

t

Sig.

Lower

for Exp(Coefficient)

Exp

Upper

(Coefficient)

Lower

Upper

.0217 -50.321

.000

-1.136

-1.051

.335

.321

.350

RaceRC=6

-.364

.2971

-1.225

.221

-.946

.219

.695

.388

1.244

RaceRC=5

-.282

.1494

-1.886

.059

-.574

.011

.754

.563

1.011

RaceRC=4

.231

.2048

1.129

.259

-.170

.632

1.260

.843

1.882

RaceRC=3

-.540

.2158

-2.501

.012

-.962

-.117

.583

.382

.890

RaceRC=2

.055

.1745

.315

.753

-.287

.397

1.056

.751

1.487

RaceRC=1

-.030

.0281

-1.063

.288

-.085

.025

.971

.919

1.025

RaceRC=0

b

.

.

.

.

.

.

.

.

DE=1

.569

.0260

21.918

.000

.519

.620

1.767

1.680

1.860

DE=0

b

.

.

.

.

.

.

.

.

Provbsd=1

.175

.0348

5.032

.000

.107

.244

1.192

1.113

1.276

Provbsd=0

b

.

.

.

.

.

.

.

.

AgeRE=3

.664

.1051

6.317

.000

.458

.870

1.943

1.581

2.387

AgeRE=2

.576

.0293

19.640

.000

.518

.633

1.778

1.679

1.883

AgeRE=1

.273

.0195

14.003

.000

.235

.311

1.314

1.264

1.365

AgeRE=0

b

.

.

.

.

.

.

.

.

CCI_RE=3

.943

.0472

19.986

.000

.851

1.036

2.569

2.342

2.818

CCI_RE=2

.400

.0320

12.496

.000

.337

.463

1.492

1.401

1.589

CCI_RE=1

.143

.0314

4.561

.000

.082

.205

1.154

1.085

1.227

CCI_RE=0

b

.

.

.

.

.

.

.

.

0

0

0

0

0

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT
b. This coefficient is set to zero because it is redundant.
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Random Effect Covariances

Random Effect Block 1
Random Effect Block
Intercept

Intercept
.086

166

Covariance Structure: Variance
components
Subject Specification: CL_IDRC

Covariance Parameters

Covariance Parameters Summary
Covariance Parameters

Design Matrix Columns

Residual Effect

0

Random Effects

1

Fixed Effects

20

Random Effects

1

Common Subjects

a

559

Common subjects are based on the subject specifications for the
residual and random effects and are used to chunk the data for better
performance.
a. This is the number of columns per common subject.

Residual Effect
95% Confidence Interval
Residual Effect

Estimate

Variance

Std. Error

1.000

Z
.

Sig.
.

Lower
.

Upper
.

.

Covariance Structure: Scaled Identity
Subject Specification: (None)

Random Effect
95% Confidence Interval
Random Effect Covariance
Var(Intercept)

Estimate

Std. Error

.086

.008

167

Z
10.560

Sig.

Lower
.000

Upper
.072

.104

Covariance Structure: Variance components
Subject Specification: CL_IDRC

Estimated Marginal Means for Top Significant Fixed Effects

168

169

170

171

172

Generalized Linear Mixed Models – 2011
Case Processing Summary
N
Included

122229

100.0%

0

0.0%

122229

100.0%

Excluded
Total

Percent

Model Summary
Target

ER_VISIT

Probability Distribution

Binomial

Link Function

Logit

Information Criterion

Akaike Corrected

534879.972

Bayesian

534889.685

Information criteria are based on the -2 log likelihood (534877.972) and are used to compare
models. Models with smaller information criterion values fit better.

Data Structure

a

Subjects

Target

CL_IDRC Provider
Number
Data for First Subject

ER_VISIT
1 0 No
1 1 Yes
1 1 Yes
1 1 Yes
1 0 No
1 1 Yes
1 1 Yes
1 1 Yes
1 1 Yes
1 1 Yes

Total Number of Levels

549

173

Only the first 10 records are displayed.
a. Target: ER_VISIT

Classification
a

Overall Percent Correct = 65.9%

Predicted
Observed
1 Yes

0 No

1 Yes

0 No

Count

15442

31816

% within Observed

32.7%

67.3%

9855

65116

13.1%

86.9%

Count
% within Observed

a. Target: ER_VISIT

Fixed Effects
Source
Corrected Model

F

a

df1

df2

Sig.

208.626

14

122214

.000

2.879

6

122214

.008

628.595

1

122214

.000

Provbsd

27.775

1

122214

.000

AgeRE

118.070

3

122214

.000

CCI_RE

496.966

3

122214

.000

RaceRC
DE

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT

174

175

Fixed Coefficients

a

95% Confidence

Model
Term
Intercept

95% Confidence

Interval for

Interval

Exp(Coefficient)

Std.
Coefficient

Error

t

-1.093

.0228

RaceRC=6

-.149

.3887

RaceRC=5

-.339

RaceRC=4

Sig.
-

Lower

Upper

Exp(Coefficient)

Lower

Upper

.000

-1.138

-1.049

.335

.320

.350

-.383

.701

-.911

.613

.862

.402

1.846

.1422

-2.384

.017

-.618

-.060

.713

.539

.941

.286

.1916

1.490

.136

-.090

.661

1.331

.914

1.937

RaceRC=3

-.649

.2322

-2.793

.005

-1.104

-.193

.523

.332

.824

RaceRC=2

-.088

.1703

-.520

.603

-.422

.245

.915

.656

1.278

RaceRC=1

-.026

.0259

-.995

.320

-.076

.025

.975

.926

1.025

RaceRC=0

b

.

.

.

.

.

.

.

.

.0233 25.072

.000

.539

.631

1.795

1.715

1.879

0

48.048

DE=1

.585

DE=0

b

.

.

.

.

.

.

.

.

Provbsd=1

.182

.0345

5.270

.000

.114

.249

1.199

1.121

1.283

Provbsd=0

b

.

.

.

.

.

.

.

.

AgeRE=3

.445

.0852

5.220

.000

.278

.612

1.560

1.320

1.843

AgeRE=2

.540

.0290 18.595

.000

.483

.597

1.716

1.621

1.817

AgeRE=1

.214

.0197 10.889

.000

.176

.253

1.239

1.192

1.288

AgeRE=0

b

.

.

.

.

.

.

.

0

0

0

.

CCI_RE=3

1.196

.0333 35.875

.000

1.130

1.261

3.305

3.096

3.528

CCI_RE=2

.609

.0239 25.512

.000

.562

.656

1.838

1.754

1.926

CCI_RE=1

.431

.0267 16.148

.000

.379

.483

1.539

1.461

1.622

CCI_RE=0

b

.

.

.

.

.

.

0

.

.

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT
b. This coefficient is set to zero because it is redundant.
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Random Effect Covariances

Random Effect Block 1
Random Effect Block
Intercept

Intercept
.092

177

Covariance Structure: Variance
components
Subject Specification: CL_IDRC

Covariance Parameters

Covariance Parameters Summary
Covariance Parameters

Design Matrix Columns

Residual Effect

0

Random Effects

1

Fixed Effects

20

Random Effects

1

Common Subjects

a

549

Common subjects are based on the subject specifications for the
residual and random effects and are used to chunk the data for better
performance.
a. This is the number of columns per common subject.

Residual Effect
95% Confidence Interval
Residual Effect

Estimate

Variance

Std. Error

1.000

Z
.

Sig.
.

Lower
.

Upper
.

.

Covariance Structure: Scaled Identity
Subject Specification: (None)

Random Effect
95% Confidence Interval
Random Effect Covariance
Var(Intercept)

Estimate

Std. Error

.092

.008

178

Z
10.864

Sig.

Lower
.000

Upper
.076

.110

Covariance Structure: Variance components
Subject Specification: CL_IDRC

Estimated Marginal Means for Top Significant Fixed Effects

179

180

181

182

183

Generalized Linear Mixed Models – 2012
Case Processing Summary
N
Included

118439

100.0%

0

0.0%

118439

100.0%

Excluded
Total

Percent

Model Summary
Target

ER_VISIT

Probability Distribution

Binomial

Link Function

Logit

Information Criterion

Akaike Corrected

523871.137

Bayesian

523880.819

Information criteria are based on the -2 log likelihood (523869.137) and are used to compare
models. Models with smaller information criterion values fit better.

Data Structure

a

Subjects

Target

CL_IDRC Provider
Number
Data for First Subject

ER_VISIT
1 0 No
1 0 No
1 1 Yes
1 1 Yes
1 1 Yes
1 1 Yes
1 1 Yes
1 1 Yes
1 1 Yes
1 0 No

Total Number of Levels

539

184

Only the first 10 records are displayed.
a. Target: ER_VISIT

Classification
a

Overall Percent Correct = 68.1%

Predicted
Observed
1 Yes

0 No

1 Yes

0 No

Count

10943

30502

% within Observed

26.4%

73.6%

Count

7253

69741

% within Observed

9.4%

90.6%

a. Target: ER_VISIT

Fixed Effects
Source
Corrected Model

F

a

df1

df2

Sig.

126.924

14

118424

.000

5.875

6

118424

.000

467.006

1

118424

.000

Provbsd

60.346

1

118424

.000

AgeRE

65.881

3

118424

.000

CCI_RE

273.534

3

118424

.000

RaceRC
DE

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT

185

186

Fixed Coefficients

a

95% Confidence

Model
Term
Intercept

95% Confidence

Interval for

Interval

Exp(Coefficient)

Std.
Coefficient

Error

t

-1.292

.0279

RaceRC=6

.090

.2794

RaceRC=5

-.413

RaceRC=4

Sig.
-

Lower

Upper

Exp(Coefficient)

Lower

Upper

.000

-1.347

-1.238

.275

.260

.290

.322

.747

-.458

.638

1.094

.633

1.892

.1660

-2.487

.013

-.738

-.088

.662

.478

.916

.197

.1878

1.047

.295

-.172

.565

1.217

.842

1.759

RaceRC=3

-.547

.2157

-2.534

.011

-.970

-.124

.579

.379

.883

RaceRC=2

-.103

.1696

-.609

.542

-.436

.229

.902

.647

1.257

RaceRC=1

.114

.0273

4.190

.000

.061

.168

1.121

1.063

1.183

RaceRC=0

b

.

.

.

.

.

.

.

.

.0236 21.610

.000

.463

.555

1.664

1.588

1.742

0

46.340

DE=1

.509

DE=0

b

.

.

.

.

.

.

.

.

Provbsd=1

.322

.0414

7.768

.000

.241

.403

1.380

1.272

1.497

Provbsd=0

b

.

.

.

.

.

.

.

.

AgeRE=3

.445

.0722

6.174

.000

.304

.587

1.561

1.355

1.798

AgeRE=2

.442

.0317 13.954

.000

.380

.504

1.556

1.462

1.655

AgeRE=1

.155

.0215

7.180

.000

.112

.197

1.167

1.119

1.218

AgeRE=0

b

.

.

.

.

.

.

.

.

0

0

0

CCI_RE=3

.950

.0360 26.415

.000

.880

1.021

2.586

2.410

2.775

CCI_RE=2

.494

.0244 20.275

.000

.447

.542

1.640

1.563

1.720

CCI_RE=1

.337

.0260 12.999

.000

.287

.388

1.401

1.332

1.474

CCI_RE=0

b

.

.

.

.

.

.

0

.

.

Probability distribution: Binomial
Link function: Logit
a. Target: ER_VISIT
b. This coefficient is set to zero because it is redundant.
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Random Effect Covariances

Random Effect Block 1
Random Effect Block
Intercept

Intercept
.146

188

Covariance Structure: Variance
components
Subject Specification: CL_IDRC

Covariance Parameters

Covariance Parameters Summary
Covariance Parameters

Design Matrix Columns

Residual Effect

0

Random Effects

1

Fixed Effects

20

Random Effects

1

Common Subjects

a

539

Common subjects are based on the subject specifications for the
residual and random effects and are used to chunk the data for better
performance.
a. This is the number of columns per common subject.

Residual Effect
95% Confidence Interval
Residual Effect

Estimate

Variance

Std. Error

1.000

Z
.

Sig.
.

Lower
.

Upper
.

.

Covariance Structure: Scaled Identity
Subject Specification: (None)

Random Effect
95% Confidence Interval
Random Effect Covariance
Var(Intercept)

Estimate

Std. Error

.146

.012

189

Z
12.125

Sig.

Lower
.000

Upper
.124

.171

Covariance Structure: Variance components
Subject Specification: CL_IDRC

Estimated Marginal Means for Top Significant Fixed Effects

190

191

192

193

194

APPENDIX B: APPROVALS & PERSMISSIONS:
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IRB APPROVAL

University of Central Florida Institutional Review
Board Office of Research & Commercialization
12201 Research Parkway, Suite 501
Orlando, Florida 32826-3246
Telephone: 407-823-2901, 407-882-2012 or 407882-2276
www.research.ucf.edu/compliance/irb.html
From :

UCF Institutional Review
Board #1 FWA00000351,
IRB00001138

To

Matt Thomas Bagwell and Co-PI: Judith Ortiz

:

Date :

January 23, 2015

Dear Researcher:
On 01/23/2015 the IRB determined that the following proposed activity is not human research as defined
by DHHS regulations at 45 CFR 46 or FDA regulations at 21 CFR 50/56:
Type of Review:
Project Title:
Investigator:
IRB ID:
Funding Agency:
Grant Title:
Research ID:

Not Human Research Determination
Disparities in Emergency Room Utilization among Older
Adults Treated by Rural Health Clinics
Matt Thomas Bagwell
SBE-15-10985
National Institute on Minority Health and Health
Disparities(NIMHD)
Rural Health Clinics in Accountable Care Organizations:
Impact on Disparities
1052614

University of Central Florida IRB review and approval is not required. This determination applies only
to the activities described in the IRB submission and does not apply should any changes be made. If
changes are to be made and there are questions about whether these activities are research involving
human subjects, please contact the IRB office to discuss the proposed changes.
On behalf of Sophia Dziegielewski, Ph.D., L.C.S.W., UCF IRB Chair, this letter is signed by:

Signature applied by Joanne Muratori on 01/23/2015 02:32:23 PM
EST IRB Manager
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